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!Abstract 
Oil palm expansion and land cover changes in the Peruvian Amazon: 
implications for forest conservation and fire mitigation 
Victor Hugo Gutierrez-Velez 
Land cover change is a major challenge for forest conservation in Amazonia. Forest cover loss 
and anticipated changes in climate are expected to increase fire incidence in Amazonia with 
detrimental consequences to human health, climate, and natural ecosystems. In this dissertation I 
developed remote sensing methods to map and quantify land cover changes attributed to oil palm 
expansion in the Peruvian Amazon between 2001 and 2010. Then I used these results to assess 
the role of oil palm expansion on achieving dual goals of agricultural production and forest 
conservation. Finally I developed maps of burned areas and combined them with the land cover 
data to model the contribution of land cover changes and variations in drought severity to fire 
occurrence and spread. 
 
I found that high yield oil palm expansion can be effective to reduce the use of land for achieving 
agricultural production but that incentives for expanding plantations outside forests are essential 
to guarantee forest conservation. Remote sensing methods developed in this work to map annual 
land cover conversion to oil palm demonstrated that the use of different satellite sensors is 
essential for a reliable and comprehensive monitoring of oil palm expansion, considering an 
assessment of the area expanded, the time of conversion and land cover transitions associated 
with the expansion of both large- and small-scale plantations. Results from the fire models 
showed that the area and spatial configuration of different land covers can have a significant 
influence on fire occurrence and spread but that the magnitude and sign of the correlation depend 
!on drought severity, successional stage of regrowing vegetation and oil palm age. The results 
suggest that the promotion of forest regrowth and the establishment of oil palm plantations 
outside forests can be effective at reducing fire occurrence and spread when they develop beyond 
initial stages of growth and are protected during years of severe drought. Overall, irregular and 
scattered land cover patches can reduce fire spread, but in dry years fire spread can increase in 
pixels with more irregular and dispersed fallows and secondary forests. 
 
This dissertation contributes to understanding the effects of agricultural expansion and land cover 
changes on forest conservation and fire mitigation in Amazonia. Crop expansion can be a 
significant threat to forest conservation in Peru and other tropical countries with large forested 
areas still remaining. Forest conversion to agriculture can also increase landscape flammability in 
Amazonia, reducing the ability of the system to withstand the pervasive impacts of wildfires. Yet, 
this work shows that it is feasible to achieve both agricultural production and forest conservation 
if incentives to expand crops into already cleared lands are set in place. Not only can incentives 
reduce pressure on forests, but, in the case of oil palm, they also have the potential to mitigate 
wildfires if plantations are established outside forests and protected while they are young. 
Mechanisms for promoting forest regrowth could also be effective for fire mitigation if 
vegetation is protected against fire during dry years and also during early stages of development. 
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Forest areas in tropical regions are being cleared at a rapid pace. Between 2000 and 2005, more 
than 27 million ha of humid tropical forests disappeared, representing about 2.36% of the total 
forested area. Latin America has been the most deforested region during this time frame, 
accounting for about 60% of total tropical forest loss (Hansen et al 2008). Agricultural expansion 
is the main cause of tropical deforestation (Geist and Lambin 2002). Both agents and modes of 
agricultural production have evolved over time, mainly driven by changes in state policies, 
infrastructural development and economic globalization (Rudel 2007). Traditionally, 
deforestation has been attributed to smallholders practicing rotational agriculture. In the last 
decades the increasing demand for agricultural goods on the world market, combined with 
economic globalization, infrastructure development, and governmental incentives, stimulated the 
advent of new actors of deforestation in the Amazon including cattle ranching and large-scale 
agriculture (Hecht 2005, Pacheco 2006, Fearnside 2008, Killeen et al. 2008, Rudel et al. 2009, 
Nepstad et al. 2008). These changes have come alongside important transformations in the 
technologies used for conversion and the pace at which forests are being cleared, bringing new 
environmental dynamics and challenges to forest conservation to the region (Rudel 2007). 
 
Fire illustrates the extent to which different land use systems have contributed to these new 
environmental dynamics in Amazonia. Fire is the most common technology used for land 
!!
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conversion and land management throughout the Amazon due to its effectiveness at eliminating 
undesired vegetation, making nutrients immediately available, and controlling pests (Cochrane 
2003). However the escape of fires to areas where burning was not intended, is a relatively recent 
phenomenon in the region (Cochrane 2009). Escaped fires have become a significant driver of 
environmental changes in Amazonia including habitat fragmentation, forest and soil degradation, 
and atmospheric pollution among others (Barlow and Peres 2004, Cochrane and Barber 2009, 
Zarin et al. 2005). 
 
The goals of this introductory chapter are to provide some background on the topics covered in 
the dissertation and to describe the main research objectives and questions. Below, in the first 
section, I introduce the most representative land use systems in Amazonia. In the second section I 
describe the way these land uses have changed over time in Amazonian countries, emphasizing 
the economic and political drivers that have stimulated such changes and their contribution to 
forest loss. I then describe how differences among land use systems translate into variations in 
fire use and incidence. In the final section I introduce the study area, the goals and research 
questions of the dissertation. 
 
1.2. Land use systems in Amazonia and their role on forest conversion 
 
Smallholder agriculture 
Smallholder agricultural systems are best described as mosaics of diversified cultivations and 
areas of regrowth in various stages of development. The types of cultivations can include 
annuals, perennials, pastures or mosaic agriculture. Smallholders typically practice rotational 
agriculture characterized by the cultivation of small areas that are slowly transitioned into fallow 
!!
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for variable periods ranging between less than five to more than fifty years (Sorrensen 2004). 
Smallholder agriculture has been the oldest and for a long time the dominant land use in tropical 
forest areas. Although some types of rotational agriculture are practiced by native populations 
(Freire 2007), the largest extension of forest conversion is associated with small farmers and their 
families who migrate in search of land. Oliveira et al (2007) found for instance that from the total 
deforestation in the Peruvian Amazon between 1999 and 2000, less than 9% occurred within 
Indigenous territories. 
 
Temporal land use changes associated with smallholder agriculture usually are linked to 
demographic, infrastructural and economic dynamics (McCracken et al 1999, Walker et al 2002, 
Perz et al 2006). As smallholders consolidate the land and additional workforce is incorporated in 
agricultural activities, cultivations typically transition from subsistence crops to the establishment 
of perennials and cattle ranching (McCracken et al. 1999, Moran and McCracken 2004, Bicalho 
and Hoefle 2008). The continuation of the cycle depends on the permanence of future generations 
in the land or their migration to urban centers or other forest frontier areas. In some cases, these 
lands are sold to migrants or more capitalized residents who consolidate them to establish cattle 
ranching or other productive enterprises (Calderon 2007, Aldrich et al 2006, Fearnside 2008). 
 
Systems implemented by smallholders vary considerably in space and time. Different farmers 
emphasize different types of cultivations including subsistence crops, cash crops, cattle ranching 
or diversified systems (Perz et al 2006). Participation of smallholders in cattle ranching tends to 
be marginal due to constraints in the area of the landholdings and restrictive access to capital that 






Cattle ranching has been identified as the main historic driver of deforestation in the Amazon 
(Hecht 1993, Wassenaar et al 2007, Nepstad et al 2006). For a long time, cattle expansion was 
mostly influenced by factors such as land tenure consolidation and speculation and money 
laundering as well as governmental incentives such as tax exemptions, subsidies and cheap credit 
(Hecht 1993, Calderon 2007, Fearnside 2008, McAlpine et al 2009). That continues to be the 
case in some Amazonian countries such as Peru or Ecuador where cattle ranching is 
predominantly performed by small and medium holders who use cattle as savings and a life 
insurance strategy. In other countries such as Colombia and Brazil, recent developments in pest 
controls have stimulated the implementation of more intensive, market oriented cattle production. 
Today, Brazil is the country with the largest cattle herd in the world and since 2004 the largest 




 Soybean expansion epitomizes the introduction of large-scale agricultural expansion to forest 
frontier areas in Amazonia, mostly in Brazil and Bolivia (Nepstad et al 2006, Killeen et al 2008), 
driven largely by the increase in global soybean demand, especially in Asia and Europe (Fig. 1.1, 
Morton et al 2006). Expansion has been facilitated by the development of varieties adapted to the 
low levels of soil fertility characteristic of Amazona by EMBRAPA (Fearnside 2001) as well as 
the improvement of road infrastructure and low land prices both in Brazil and Bolivia (Hecht 




Oil palm plantations 
Oil palm plantations have been expanding steadily in humid areas of the Amazon since the 
1960s. Although the current extension of oil palm planted in the Amazon cannot be compared to 
soybean, the increasing demand for this cultivation, specially in Asia and Europe (Fig. 1.2), along 
with the availability of vast areas biophysically suitable for the cultivation (Fig. 1.3) and the 
generalized governmental support for this cultivation among Amazonian countries, indicate that 


































Colombia is currently the main oil palm producer in Latin America and the fourth in the world 
with about 855,000 ha established (Fedepalma 2013). After Colombia, Ecuador is the second 
largest oil palm producer in South America with two of the largest plantations in the Amazonian 
region of Sucumbios, totaling more than 20,000 ha (Santos & Messina 2008). In Brazil the area 
of oil palm plantations in 2000 was 37,490 with about 75% of them located in the state of Para. 
Agropalma is the major oil palm producer in the country with about half of the total plantations 
(Sanz-Veiga et al 2001). In Peru, oil palm cultivations are expanding specially in the Amazon 
region with about 45,000 ha cultivated (Arevalo et al 2009). 
 
 

































Logging is one of the main causes of forest degradation in Amazonia. Few studies are available 
analyzing the extent of logging. Based on forest interviews, Nepstad et al (1999) estimated that 
between 1996 and 1997, 10,000 to 15,000 km2 of forests were degraded in the Brazilian Amazon. 
This amount is comparable to the surface deforested in the region during the same period. A more 
recent study, based on the use of satellite data, indicated that in the 5 main timber production 
states in Brazil (Pará, Mato Grosso, Rondonia, Roraima and Acre), degraded areas by logging 
during the period 1999 - 2002 covered between 12,075 and 19,823 Km2/yr (Asner et al 2005). 
Logging is also a main driver of forest degradation in the Peruvian Amazon. Between 1999 and 
2005 total degradation was estimated in 623 km2 per year. Similar to Brazil, the area degraded 
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was close to annual deforestation occurring during the same period (645 km2/yr) (Oliveira et al 
2007). 
 
1.3. Historic changes in drivers of land cover change in Amazonia  
 
Early land changes driven by unplanned colonization 
The extent of land change attributed to different actors in the Amazon has evolved over time, 
mainly driven by changes in state policies, infrastructural development and economic 
globalization. Colonization associated with smallholder agriculture in the Amazon was relatively 
marginal before the 1970s and was dominated by spontaneous migration of peasants (Fearnside 
2005, Thiele 1995). Original settlers arrived either spontaneously or via governmental 
colonization programs (Pacheco 2006, Nepstad et al. 2005). During that time, the opening of 
roads for oil exploration played a significant role in land use expansion in the Western Amazon, 
particularly in limits between Colombia and Ecuador (Viña et al 2004, Bilsborrow et al 2004). 
The expansion of industrial crops began early in the 1950s and 60s with the introduction of oil 
palm to Colombia, Ecuador, Peru and Brazil, mostly for experimental purposes (Fedepalma 2013, 
Sanz-Veiga et al 2001, Carrion and Cuvi 1985). 
 
Government driven colonization in the 1970s 
The 1970s marked the beginning of planned colonization and ranching in Amazonia, especially 
in Brazil and Bolivia where governments built roads and provided subsidies, and land titles to 
stimulate colonization, Colonization was mostly viewed as a strategy to mitigate social conflicts 
and exert sovereignty in frontier areas (Fujisaka et al. 1996, Pacheco 2006, Nepstad et al. 2006, 
Rudel 2007). Industrial crops were also consolidated in the 1970s in Colombia, Ecuador, Peru 
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and Brazil, with the establishment of oil palm plantations for commercial purposes. During that 
period, Colombia established about 18,000 ha while the other countries accounted for other 8,000 
ha (Fedeapalma 2008, Peralta-Ginocchio and Huamanchumo de la Cuba 2001, Chavez Moreira 
and Andrade Hidrovo 2001, Sanz-Veiga 2001). Soybean production also started during the 
1970s, mostly in areas of savanna and grasslands in southern Brazil with little influence in 
forested areas (Fearnside 2001). 
 
Beginning of private investments on agricultural development in the 1980s 
After the middle of the 1980s official colonization schemes began to decline due to fiscal 
adjustments in governments and the increasing environmental concerns about the destruction of 
rainforests. Although official colonization programs ceased, agricultural expansion continued to 
be promoted by the state indirectly, through tax exemptions and infrastructural improvements 
(Pacheco and Mertens 2004, Rudel 2007). Urban growth and road paving, especially in Brazil, 
increased the market for cattle, stimulating the conversion of large extensions of forest (Fujisaka 
et al. 1996, Nepstad et al. 2006). The reduction of the direct role of governments in forest 
conversion during the 1980s was also reflected in changes in oil palm development. State-owned 
plantations were abandoned in Peru and private investors started to establish new oil palm 
plantations, particularly in the area of Tocache, located in the Amazonian Region of San Martin 
(Peralta-Ginocchio & Huamanchumo de la Cuba Palmas 2013). In Ecuador the government 
granted 20,000 ha of forest areas regarded as undeveloped in the Northern Oriente Region to 
private companies to establish oil palm (Santos & Messina 2008). In 1984 these companies had 
5,000 and 4,500 ha established with oil palm respectively (Carrion & Cuvi 1985). Soybean 
expansion also occurred in lowland Bolivia stimulated by cheap land prices, fiscal incentives and 
increasing demand in regional countries (Pacheco 2006). 
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Agribusiness expansion in the 1990s 
The 1990s marked the boost of agribusinesses in Amazonia, especially in Bolivia and Brazil 
(Steininger et al. 2001, Hecht 2005, Nepstad et al. 2006, Killeen et al. 2008). New varieties of 
soybean, tolerant to the conditions of the Amazon were developed while the international demand 
increased dramatically. These conditions along with the improvement of transportation 
infrastructure and low land prices facilitated the spread of large-scale agricultural production in 
southeastern Brazil and around Santa Cruz Bolivia. Bolivia exemplifies the dramatic changes in 
drivers of land change in Amazonia. In the mid 1980s, small colonists accounted for about 57% 
of total deforestation in the country. During the second half of 1990s their participation was 
reduced to about one third while agribusinesses and ranchers accounted for about 62% of total 
deforestation (Pacheco 2006). Specifically in the region of Santa Cruz, the area dedicated to the 
production of soybean, wheat and sorghum increased about six fold between 1986 and 1998 
(Hecht 2005). 
 
During the same period, oil palm continued expanding in Peru and Colombia. By the end of the 
1990s more than 11,000 ha were in production in the region of Tumaco, located in the Western 
Chocó forests of Colombia (Fedepalma 2013). Meanwhile during the 1990s 1,300 ha of oil palm 
plantations were established in the region of Ucayali in Peru with the assistance of the 
government and financial support from the United Nations and USAID as an alternative to 
eradicate coca cultivations. 
 
Agribusiness consolidation in the 2000  
The 2000s marked the consolidation of the beef and soybean markets into the global economy. 
Simultaneously the boom of biofuels increased expectations and governmental support for the 
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establishment of oil palm plantations in Amazonia; mostly at the expense of forest cover area 
(Nestpad et al 2006, Roa Avendaño 2007, Butler and Laurance 2009). The eradication of the foot 
and mouth disease in Colombia and in a large forest extension in the southern states of the 
Amazon (about 1.5 million Km2) played a definite role on the changes of cattle production from 
extensive low-management ranches to the clearing of large forests extensions to implement 
pasture for high-input, market oriented beef operations (Nepstad et al 2006, McAlpine et al 
2009). Cattle ranching has been responsible for more than two thirds of the total deforestation in 
the Brazilian Amazon (Fearnside 2005) and in Colombia (Etter et al 2006a). In the Brazilian 
Amazon alone, cattle ranching expanded from 22 million heads in 1990 to 74 millions in 2007, 
predominantly in the Southern States of Para, Mato Grosso, Rondonia and Tocantins Nepstad et 
al 2006). Cattle ranching is also the major land use in lowland in Bolivia (Killeen et al 2008). 
 
In Brazil, soybean has expanded in the last decades from the cerrado towards the Amazon forests, 
mainly in the states of Mato Grosso and Rondonia (Brown et al 2004, 2005, Morton et al 2006, 
Fearnside 2001, Jepson et al 2006, 2008). Currently Brazil is the second global soybean producer, 
supplying about a third of the of the global soybean demand (Soystats 2009). Between 1999 and 
2004 soybean production in previous closed canopy forests in Brazil increased 15% (Nepstad 
2006). Between 2001 and 2005 more than 5,000 km2 of forests were directly converted to 
soybean in Southern Mato Grosso (Morton et al 2006). Soybean cultivations and other 
mechanized agriculture are also expanding towards the Bolivian lowlands, mostly in the 
department of Santa Cruz. This department constitutes about a third of the area of Bolivia and is 
now the major deforestation front in the country (about 60% in 2001) (Pacheco and Mertens 




During the last decade, oil palm continues to expand to forest areas among Amazonian countries. 
That is the case of Colombia where oil palm area has increased all over the country (Fedepalma 
2013), including the Amazon (Etter 2006a) where 2,900 ha are projected be established in the 
near future (Calderon 2007). In Peru new plantations have been expanded as part of a project to 
establish 10,000 ha and in Ucayali where the regional government and private companies have 
been investing in this cultivation. New plantations have been also established in the valleys of 
Shanusi and Caynarachi by private investors with a projected expansion of 15,000 ha (Arevalo et 
al 2009). A total of 11 private initiatives in different stages of development have been identified 
in the Peruvian Amazon (Arevalo et al. 2009). If all the initiatives were implemented, they could 
add between 164,000 and 190,000 new ha of oil palm plantations to the current installed area in 
the upcoming years. 
 
1.4. Fire variability among land use systems in Amazonia 
 
Fire use can vary considerably over space and time in the Amazon basin. Most of the fire activity 
in Amazonia is concentrated in the dryer South with considerably lower activity in the West. 
Longer dry seasons in Southern Amazon (about 5 months) facilitate an intense use of fire 
(Morton et al. 2008). In contrast to Eastern Amazon, mulching instead of burning is a common 
practice in some areas of North-Western Amazonia due to the lack of a long enough dry season to 
allow the cut vegetation to dry adequately for a complete combustion (Bilsborrow 2004). The 
most active historic fire hotspot in Western Amazonia is located in Peru, in an area located 




The intensity and frequency with which fire is used as well as the areas burned may vary 
considerably among land uses depending on the technology used to convert or manage the land, 
the level of agricultural intensification, the use of agrochemical inputs and the land use purposes 
after conversion (Kauffman et al. 1998, Sorrensen 2000, Lavorel et al. 2007, DeFries et al. 2008, 
van der Werf et al. 2008). Different land uses can also have a distinct influence on changes in the 
spatial arrangement of land covers in the landscape (Mertens and Lambin 1997), which in turn 
can have significant impacts on fire proliferation (Turner and Romme 1994). 
 
 
Fig. 1.4. Number of active fires registered by the satellite MODIS between 2000 and 2011 in the 
Amazon domain (from FIRMS 2011). 
 
Smallholder agriculture:  
Fire usually plays an important role in forest clearing and land management among smallholders 
(Hecht 2005). Peasants typically integrate fire in their rotational agriculture systems for the 
conversion of forests or encroached vegetation and the maintenance of pastures. The intensity of 
fire use by smallholders depends on the duration of the periods of fallow after land cultivation. 
These periods can be very variable ranging between less than five to more than fifty years 
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(Sorrensen 2004). The fallowing period influences directly the probability of escaped fires in 
areas dominated by smallholders. Some smallholders regard fallows as areas with low economic 
value and therefore might not take preventive actions to avoid burnings. Uriarte et al (2012) for 
instance, found that the area of fallows increased fire risk among rural communities in Western 
Amazonia. In other cases, smallholders integrate cattle raising instead of fallow into their 
systems. Smallholder agriculture usually results in interspersed patches of grasslands that 
increase fire susceptibility (Sorrensen 2000). The frequency in the use of fire can also change 
over time among smallholders, especially among migrants who tend to replace slash and burn 
agriculture with more intensified cultivations through the use of agricultural inputs (Caviglia-
Harris and Sills 2005). 
 
Cattle ranching 
Fire is used by ranchers mainly for forest clearing and also for the maintenance of already 
converted areas due to the rapid emergence of undesired weeds (Walker et al. 2000, Bicalho and 
Hoefle 2008). After an initial burn, cattle ranchers perform periodic maintenance burnings every 
1 to 3 years to renew pastures and eliminate undesired woody vegetation (Sorrensen 2000, Guild 
et al.2004). Maintenance fires usually include some logs and charcoal remaining on the ground 
from previous clearings and burnings (Fearnside 1997). Estimates report that between 12 and 
28% of unburned tree vegetation after initial burning are consumed during subsequent fires. Due 
to high burning efficiency, grassland vegetation is very prone to escaped fires during the dry 
season given their ability to become dry enough to burn even within a day after the last rainy 






In the case of mechanized agriculture, forest biomass is removed efficiently using heavy 
machinery. Removed biomass includes trunks, branches and roots. These materials are piled and 
burned in order to facilitate the preparation of land for planting (van der Werf et al. 2008). Fire 
use can last for several years after conversion as residual biomass may be pilled and burned 
several times until most residual vegetation is combusted (DeFries et al 2008, Morton et al 2008). 
Since piling of removed vegetation is common practice in mechanized agriculture, it is expected 
that the likelihood of escaped fires in these systems will be lower compared to pastures or 
smallholders agriculture. In the case of permanent crops such as oil palm, the risk of escaped fires 
is reduced considerably after planting since operations usually set in place preventive measures to 
avoid economic losses due to fire damage. Furthermore, some producers implement mulching 
instead burning after cutting the forests in order to allow decomposed materials to release 
nutrients gradually during the initial years of plantations. 
 
Logging 
Forest degradation by logging has been identified as a definite factor influencing forest 
vulnerability to fire. Logging decreases canopy cover triggering a variety of physical and 
ecological changes that promote fire such as the reduction in forest moisture content and the 
appearance of successional vegetation. New vegetation can change the fuel load characteristic of 
the forest, increasing the susceptibility to fire (Sorrensen 2000). Fires originated in agricultural 
lands can penetrate and kill between 10 to 80% of logged forests, increasing further the 
vulnerability of these forests to burn (Nepstad et al 1999). In addition, logging can have indirect 
effects on fire by incentivizing the arrival of colonists. Colonization implies a more intense use of 
fire and a reduction of forests to more flammable land covers. 
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1.5. Dissertation goals, questions, and relevance 
 
My dissertation research took place in the province of Coronel Portillo in the Region of Ucayali, 
Peruvian Amazon. The opening of the Federico Basadre road in the 1940s triggered a massive 
migration, mostly from the Andean region. This process rapidly transformed Pucallpa from a 
small village to the second most populated city in the Peruvian Amazon and initiated an active 
process of deforestation in the region that still persists. Between 1999 and 2001, the rates of 
deforestation and forest degradation in Pucallpa and the associated road network were calculated 
as 86,368 ha/yr, contributing to about 64% of total forest loss in the Peruvian Amazon during the 
same period (Oliveira et al. 2007). 
 
Fire represents an increasing problem in the region. In the summer of 2005 several devastating 
wildfires were recorded in Southwestern Amazonia (Brown et al. 2006). The province of Coronel 
Portillo was not an exception where fires caused considerable damage to forests, cultivations and 
infrastructure (Gobierno Regional de Ucayali 2006). Fire continues to be an environmental and 
social problem in the region. Large extents are still burned every year, as is frequently reported 
by the local media. 
 
In this dissertation, I aimed to provide a deeper understanding of landscape changes attributed to 
agricultural expansion at different scales and their implications for forest conservation. The 
research also proposed to provide further knowledge about the interacting effects of land cover 




1. What have been the main changes in land cover attributed to large- and small-scale oil palm 
expansion in the Peruvian Amazon between 2001 and 2010? (Chapters 2 and 3) 
2. What are the main implications of land cover changes attributed to high- and low-yield oil 
palm expansion for achieving the dual goals of agricultural production and forest 
conservation? (Chapter 2) 
3. What has been the inter-annual variability in burned area in the study area? (Chapter 4)  
4. How do land cover conversion to oil palm and vegetation regrowth interact with climate to 
influence fire occurrence and spread in the study region? (Chapter 4) 
 
To answer the above mentioned questions, I developed new remote sensing methods in the use of 
satellite data for the identification of land cover changes and the contribution of high- and low-
yield oil palm expansion to deforestation (Chapters 2 and 3). I also developed remote sensing 
methods for the detection of annual burned areas in the Peruvian Amazon (Chapter 4). The 
results obtained on land covers and burned area were combined with climate data and 
incorporated into a statistical model to understand the influence of agricultural expansion and 
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Chapter 2 
High-yield oil palm expansion spares land at the expense of forests in the 
Peruvian Amazon 
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Fernandes, K., & Lim, Y. (2011). High-yield oil palm expansion spares land at the expense 
of forests in the Peruvian Amazon. Environmental Research Letters, 6, 044029 
 
Abstract 
High-yield agriculture potentially reduces pressure on forests by requiring less land to increase 
production. Using satellite and field data, we assessed the area deforested by industrial-scale 
high-yield oil palm expansion in the Peruvian Amazon from 2000 to 2010, finding that 72% of 
new plantations expanded into forest. In a focus area in the Ucayali region, we assessed 
deforestation for high- and smallholder low-yield oil palm plantations. Low-yield plantations 
accounted for most expansion overall (80%), but only 30% of their expansion involved forest 
conversion contrasting to 75% for high-yield expansion. High-yield expansion minimized the 
total area required to achieve production but counter-intuitively at higher expense to forests than 
low-yield plantations. Results show that high-yield agriculture is an important but insufficient 
strategy to reduce pressure on forests. We suggest that high-yield agriculture can be effective to 




Keywords: Agricultural intensification, yield, land use change, remote sensing, tropical forests, 
deforestation, conservation, biofuels. 
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Competition between agricultural expansion and forest conservation for carbon storage, 
biodiversity, and watershed protection is increasing in the tropics as rising global population and 
affluence create demands for agricultural commodities [1-3]. Projections estimate a 14% increase 
in global agricultural land between 2010 and 2030 [4], potentially representing higher pressure on 
forests [5]. Increasing yields from already cultivated areas is one proposed approach to achieve 
both forest conservation and agricultural production [6-8]. This approach has been questioned 
because higher yields increase production efficiency and profitability, constituting an incentive to 
expand into forests [9]. We examine oil palm expansion in the Peruvian Amazon to address a 
further consideration that assesses whether higher yields in new agricultural lands reduce 
pressure on forests. We argue that if high- and low-yield agriculture expand in different 
proportions into forested and already cleared lands, forest loss relative to production can be 
greater for high-yield agriculture even though less total land is consumed. 
 
Global oil palm production more than doubled between 1999 and 2009, accounting for more than 
the total increase during the previous thirty-eight years. Despite nearly constant increments in 
yield, agricultural expansion explains most of the historical increase in oil palm production in the 
world (Fig. 2.1a). Most of the global area suitable for oil palm is currently within tropical forests 
[10]. Oil palm expansion has already led to the conversion of extensive areas of tropical forests, 
particularly in Southeast Asia [11] and is an emerging peril to the conservation of Amazon 
forests [12].  
 
Rising global demand for palm oil, along with national political support and economic incentives 
for oil palm production, constitute increasing threats to forest conservation in countries such as 
Peru, which still retains a high proportion of forest cover and with low historic deforestation rates 
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[15]. Peru has the second largest forest area suitable for oil palm plantations among Amazonian 
countries [10]. In addition, the Peruvian government declared oil palm cultivation to be in the 
national interest and put in place legal incentives for its cultivation [16]. Incentives include tax 
exemptions for investments in oil palm production in the Amazon and a mandate to mix 5% 
biodiesel in diesel oil by 2011 [17, 18]. Oil palm in Peru is mostly concentrated in two 
Amazonian regions where plantations have expanded dramatically in recent years (Fig. 2.1b). 
 
 
Fig. 2.1. (a) Global increase in oil palm production is closely related to changes in harvested area 
(data from [13]). (b). Total harvested area in the regions of San Martin and Ucayali has increased 
considerably in recent years, following global trends. These regions are responsible for 98% of 






















































































































Two models of oil palm expansion occur in the Peruvian Amazon. The first, defined here as high-
yield expansion, is typically operated by private companies. These companies have access to 
sufficient capital and technology to invest in infrastructure and agricultural inputs and to apply 
farming techniques aimed towards optimizing yields in relatively large extensions. Low-yield 
plantations are usually owned by smallholders that operate either individually or as cooperative 
associations. Owners have restricted access to capital and land that limits expansion and the full 
application of technology to maximize yields. These constraints translate into smaller plantations 
with relatively low productivity (Table 2.S2). 
 
We used remote sensing data and field information to quantify the contribution of oil palm 
expansion to deforestation from 2000 to 2010 at two scales: the entire Peruvian Amazon 
(936,240 km2) and a smaller focus area (2,157 km2) located in the Ucayali region, near the city of 
Pucallpa where both high-and low-yield oil palm plantations are actively expanding. In the 
Peruvian Amazon, we identified the contribution of industrial-scale high-yield oil palm 
expansion to deforestation (Fig. 2.2a). In the focus area, we assessed the contribution of high-
yield and small-scale, low-yield oil palm expansion to deforestation (Fig. 2.2b). Using the 
proportions of high- and low-yield expansion into forest and already-cleared land, we assessed 
whether high-yield oil palm expansion effectively reduces the amount of forest converted relative 
to low-yield expansion to achieve the same amount of production (a detailed description of 






Fig. 2.2. (a) Location of high-yield oil palm plantations in the Peruvian Amazon and operations 
detected in this analysis using data from the satellite MODIS [19] (b) High- and low-yield 




We mapped deforestation attributed to high-yield oil palm expansion in the Peruvian Amazon by 
analyzing temporal changes in vegetation greenness using data from the satellite MODIS [19] 
(Fig. 2.S1). We identified events of forest conversion to oil palm and quantified total annual oil 
palm expansion into forests and already-cleared land visually using data from the satellite 
Landsat with 96.3% accuracy. Accuracy was assessed using forest/non forest maps created for 
land change analysis in the focus area as reference (Appendix 2.1). Total high-yield oil palm 
expansion between 2000 and 2010 was 204.5 km2. Seventy-two percent of the expansion 
occurred at the expense of forests, representing about 1.3% of total deforestation in Peru during 
the same period. Ninety-two percent of the total expansion and 97% of the deforestation occurred 
between 2006 and 2010. Before 2006, expansion was considerably lower and mostly occurred in 
already cleared areas (Fig. 2.3a). The method detected forest conversion to oil palm with 91% 
accuracy in terms of area (Fig. 2.S3, Appendix 2.1).  
 
We identified oil palm expansion in the focus area by classifying oil palm plantations 10 years 
old or younger and other land covers in 2010 using satellite data from Landsat and 
ALOS/PALSAR [20, 21]. Then we estimated area of pastures, secondary and old-growth forests 
converted to oil palm from 2000 to 2010. Secondary vegetation consisted of tree-dominated areas 
that were previously cleared but with significantly lower tree stocking than old-growth forests 
(Fig. 2.S4). Total oil palm expansion between 2000 and 2010 in the focus area was 102.3 km2 
(Fig. 2.3b). Low-yield oil palm plantations accounted for 80% of the total new-planted areas but 
only 30% of their expansion resulted from conversion of old-growth forest. In contrast, 75% of 
the expansion by high-yield plantations occurred into old-growth forests. Overall accuracy was 
98% for the 2010 oil palm classification and 88% for the classification of land covers in 2000 
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converted to oil palm from 2000 to 2010 (Table S3 and a detailed description of methods are 
available in Appendix 2.1 
 
 
Fig. 2.3. (a) Total area expanded by high-yield oil palm plantations into old-growth forest and 
cleared lands in the Peruvian Amazon between 2000 and 2010. (b) Area expanded into pastures, 
secondary, and old-growth forests by low- and high-yield plantation in the focus area during the 
same period. Area estimates for different land cover in (b) were corrected to account for bias in 




































































































Finally, we calculated the hypothetical amount of land and old-growth forest that could 
potentially be saved if all estimated annual production in the focus area had been reached 
following the typical yields and percentages of forest converted by low- or high-yield plantations. 
High-yield plantations would require 64% less land than low-yield plantations to achieve the 
same amount of production. However high-yield plantations would require 58% more forestland 
to meet production levels (Fig. 2.4). In summary, expansion of high-yield oil palm resulted in 
overall land saving relative to low-yield expansion but the former led to greater loss of old-
growth forest relative to production because high-yield oil palm converted a larger proportion of 
forest (a detailed description of methods is available in Appendix 2.1 
 
 
Fig. 2.4. High-yield oil palm expansion would require less land to achieve production than low-
yield plantations but at greater expense of old-growth forests. Lighter colours refer to land covers 
converted to low-yield plantations and darker colours represent conversion to high-yield 
plantations. Grey brackets on the right side indicate the minimum and maximum difference in 
total and forest area required by high- and low-yield plantations considering uncertainty in yield 































































































Our research did not permit us to determine with certainty why high-yield industrial-scale 
plantations expand mostly into old-growth forest, while low-yield plantations are more apt to 
expand onto already cleared land in the focus area. Conversations with residents, researchers, and 
oil palm producers, however, suggest strongly that the large areas needed for high-yield 
plantations lead owners to avoid land previously cleared, which is frequently under uncertain and 
disputed tenure; it is simpler to establish tenureship over forests, officially owned by the State. 
Moreover, many high-yield plantations are owned by large, extra-local entities that choose not to 
engage with the local social and political complications that any land disputes might entail. 
Smaller holdings avoid such difficulties partly because they need smaller spaces, and because 
local, family owners are usually willing to take on the uncertainties of local tenure systems.  
 
Industrial-scale, high-yield oil palm plantations are just beginning to be important drivers of 
deforestation in Peru. Strong political support and legal stimuli for the cultivation of this crop in 
the country, along with extensive suitable areas and increasing global demand for palm oil, 
suggest that expansion will continue. Incentives for cultivating new high-yield oil palm 
plantations in already cleared land or increasing productivity in existing low-yield plantations 
would promote both forest conservation and agricultural production. Policy-making on this 
matter requires consideration of multiple issues including land tenure, governance, and equity, as 
well as potential environmental impacts associated with intensive agricultural production. 
 
This analysis did not assess the conservation status of the forests converted into oil palm. Some 
plantations might be expanding into previously logged old-growth forests. Yet, logged forests 
provide habitat for numerous species and can store considerable amounts of carbon that otherwise 
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would be released to the atmosphere [22-24]. On the other hand, biodiversity in oil palm 
plantations is considerably lower, and carbon stored is much less than forests [11, 25-27]. Thirty-
eight percent of low-yield plantations expanded into secondary forests in the area of Pucallpa 
(Fig. 2.3b). The conversion of secondary forests into oil palm might represent an impact for 
conservation since they provide habitat and other ecosystem services but their conservation value 
does not compare with that of old-growth forests [28]. 
 
Expanding high-yield oil palm plantations minimizes total land required for a given amount of 
production compared to low-yield expansion. Counter-intuitively however, our results suggest 
that expansion by high-yield oil palm plantations in the study area from 2000 to 2010 occurred at 
greater expense of forest than low-yield cultivations to achieve the same amount of production 
because the former is more likely to occur through expansion into forest. Higher productivity in 
new agricultural areas can increase efficiency in the use of land, but incentives for expanding 
cultivations outside of forest are essential to achieve simultaneous goals of agricultural 
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Appendix 2.1 Supplementary materials and methods 
 
Identification of forest conversion to oil palm at the scale of the Peruvian Amazon 
 
Potential areas for oil palm plantations 
We circumscribed the detection of forest conversion to oil palm to areas biophysically suitable 
for oil palm plantations in the Peruvian Amazon based on technical specifications for this 
cultivation. The boundaries of the Peruvian Amazon resulted from the overlap between a map 
representing the Amazon basin [1] and a political map of Peru [2]. Suitable areas consisted of 
those located below 700 m of elevation and with a slope lower than 12% [3, 4]. We used 
elevation data from a SRTM Digital Elevation Model at 250 m resolution [5] to determine 
maximum elevation and to calculate slope, based on the outputs of the topographic modelling 
tool incorporated in the ENVI program [6]. 
 
Identification of high-yield oil palm expansion 
We used 2000 as the reference year to quantify deforestation by high-yield oil palm expansion. 
Forest areas in 2000 were defined as those with a tree cover higher than 59%, using the 
Vegetation Continuous Fields product [7]. The 59% threshold provided the best overall 
forest/cleared classification accuracy (83%). We assessed accuracy using a Landsat based 
forest/cleared reference map for 2000. The reference map was part of the deforestation analysis in 
the focus area and is described below. 
 
We classified deforestation to oil palm plantations in the Peruvian Amazon using data from the 
satellites MODIS and Landsat as well as field information. We used MODIS data to differentiate 
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locations of forest converted into oil palm from unconverted forests based on the analysis of 
temporal changes in vegetation greenness. We used Landsat data to quantify total annual area of 
oil palm expansion into forest and cleared lands for the locations identified with MODIS. 
Training data consisted of geospatial information obtained from a land zoning study [2], and field 
visits to oil palm operations and forest areas in 2009 and 2010. The classification used a total of 
89 polygons in oil palm plantations plus the areas classified as forest in the 2010 land cover 
classification for the focus area for calibration and validation, representing an extent of 40,260 ha 
(Table 2.S1) 
 
The Enhanced Vegetation Index (EVI) from the MODIS-terra satellite at 250 m resolution served 
to evaluate temporal changes in vegetation greenness [8]. MODIS data were downloaded from 
[9]. Pre-processing consisted of removing unreliable pixels. We used the pixel reliability layer 
that comes with the MODIS vegetation product as a first screening to discard pixel values 
labelled as clouds, and to retain both good and marginal data. Since marginal data may include 
some contaminated pixels, we performed a second screening based on the detection of unreliable 
temporal drops or spikes in the EVI time series that are likely attributed to cloud contamination. 
For this purpose, we compared the EVI value of each pixel at a particular 16-day period to the 
previous and posterior neighbouring dates. A pixel was flagged as unreliable, if the absolute 
difference in EVI with respect to the immediately neighbouring date with the closest EVI value 
was higher than 10%. We also removed all pixel values with reflectance in the blue band higher 
than 10%. Similar approaches have proven useful in other studies [10-12]. If data were available 
for only one neighbouring date after applying the pixel reliability screening, a pixel-value was 
flagged as unreliable if both the difference in EVI with the available neighbouring date was 
higher than 10% and either the reflectance was lower than 20% in the NIR band (841–876 nm) or 
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higher than 4% in the blue band (459–479 nm). Low NIR reflectance is typically associated with 
cloud shadows while high blue reflectance values are typical of clouds [11, 13]. We also removed 
pixel-values with no reliable data in neighbouring dates if their EVI was more than 1.5 standard 
deviations away from the time series average and their reflectance in the NIR or the blue bands 
were beyond the thresholds described above. 
 
Temporal changes associated to forest conversion to oil palm consisted of a drop in EVI during 
the year of deforestation, followed by a sharp increase in subsequent years above EVI values 
typical of forests (Fig. 2.S1a). We characterized these patterns by annual and semi-annual metrics 
and then incorporated them into decision trees for classification (Fig. 2.S1b). Decision trees are 
hierarchical classifiers that predict class membership by recursively partitioning the data in 
homogeneous groups [14, 15]. We calibrated two decision trees using data from four consecutive 
years starting from the year previous to deforestation. The first tree represented the drop in EVI 
due to deforestation while the second tree accounted for the increase in EVI in years after 
conversion (Fig. 2.S1). The calibration and posterior recombination of individual trees 
accounting for deforestation and conversion to oil palm reduced commission errors compared to 
the incorporation of all variables in a single tree as we corroborated it in exploratory analyses. 
 
The final map represented the cumulative number of pixels classified as forest conversion to oil 
palm during the period of analysis. We eliminated areas with 8 or less contiguous pixels 
classified as oil palm in order to avoid smaller isolated misclassifications. A total of four 
additional candidate areas for forest conversion into oil palm resulted from the classification. We 
surveyed these areas in the field or using satellite data from Landsat or Google earth [16]. One of 
the areas corresponded to a private operation of 75 ha in Pucallpa, which we included in the 
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analysis as high-yield expansion. We discarded the other three candidate areas since they did not 
represent the spatial patterns characteristic of large plantations (Fig. 2.S2 a-d). In addition to the 
satellite analysis, we compared the results with extensive reports and governmental statistics 
about current and projected oil palm operations identified in the Peruvian Amazon [2, 17-20]. We 
found two additional high-yield operations expanding into already cleared land in the Pucallpa 
area that we incorporated in the analysis as high-yield plantations. We assume that the operations 
identified here represent all high-yield expansion in the Peruvian Amazon during the time of 
analysis. 
 
We evaluated classification accuracy in terms of the total area and quantity of training events 
containing one or more pixels classified as oil palm expansion into forest. We defined events as 
contiguous areas of forest converted to oil palm in a particular year and identified them visually 
using Landsat information as we describe below. The rationale for using Landsat data to measure 
areas is that MODIS has proven appropriate to identify land processes but its resolution reduces 
its suitability to quantify the area of influence of the processes [21]. We assessed accuracy by 
removing one conversion event from the training data at a time and then evaluating the ability of 
the remaining events to predict the excluded one. We expressed accuracy as percent of the 
number of events classified correctly and their respective area in different size classes (Fig. 2.S3). 
 
The method used to identify oil palm deforestation was suitable for events larger than 50 ha, with 
73% of the events captured (Fig. 2.S3a). Large events represented 95% of the total area of oil 
palm expansion during the time of analysis. The overall accuracy, expressed as the proportion of 




Forest conversion to oil palm 
We calculated total annual oil palm expansion into forest and already cleared lands visually by 
interpreting RGB composites created with Landsat TM bands from two consecutive years. 
Selected bands varied between pairs of images at the discretion of the interpreter. We assessed 
the accuracy of this approach using the forest category classified for the focus area in Ucayali as 
reference. The resulting overall accuracy for the classification of oil palm expansion into forest 
and cleared land was 96.3%. Since the actual date of the Landsat images used for measuring 
deforestation was variable year to year, we defined the actual year of deforestation for each event 
based on the time in which MODIS registered a drop in EVI. We calculated the percentage of 
total deforestation in Peru represented by high-yield oil palm expansion in the Peruvian Amazon 
based on the average annual deforestation rates found in different reports [22, 23]. 
 
Classification of oil palm expansion in the focus area near Pucallpa.  
 
Selection of the study area 
The study area is located between the Ucayali and Aguaytia rivers, in lands biophysically suitable 
for oil palm plantations in the Ucayali region [24]. The focus area is one of two locations 
identified in exploratory field visits and literature reports where both high- and low-yield oil palm 
plantations coexist. We consider this area suitable for the comparative analysis since both small 
and large plantations are actively expanding. In contrast, no new small-scale plantations were 
evident during field visits to the other identified area. In addition, the focus area is located in one 
of the most active deforestation fronts in the Peruvian Amazon [25], which makes it appropriate 




Identification of high- and low-yield plantations 
We differentiated high- and low-yield plantations visually, based on the size, shape, and spatial 
patterns of the operations (Fig. 2.S2). Size and shape of deforestation events have been associated 
with agents of deforestation in previous studies [26-28]. Large geometric shapes typically 
represent large-scale clearings for modern sector agriculture while small, diffused patterns 
usually represent smallholder agriculture. Discrepancies in size and shape of clearings have been 
found to represent differences in access to capital and technology by small and large cultivators 
in other areas of the Amazon [29]. Higher investments in technology, infrastructure, and 
agrochemical inputs by industrial scale oil palm producers in Peru translate into higher yields in 
contrast to the typical productivity by smallholder cultivators (Table 2.S2). 
 
Well-defined geometric shapes and road infrastructure are characteristic of high-yield plantations 
in the study area. Roads typically divide operations into contiguous rectangular blocks of nearly 
uniform size to facilitate management. Low-yield plantations are typically clustered along main 
access roads and tend to have more variable shapes and sizes (Fig. 2.S2). Sizes of oil palm 
parcels by smallholders typically range between 5 and 10 ha but rarely exceed 20 ha [20]. The 
discrimination between high- and low-yield plantations was corroborated in the field and using 
extensive reports about oil palm expansion in the Peruvian Amazon [2, 17-20]. 
 
Image pre-processing 
Classification of oil palm plantations in the area of Pucallpa used satellite data from Landsat and 
ALOS/PALSAR as input variables. We downloaded Landsat scenes from [30]. Processing of the 
Landsat images included radiometric calibration [31], geometric correction [32], atmospheric 
adjustment [33], and radiometric normalization [34]. Previous to classification, we calculated two 
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vegetation indices and performed a spectral mixture analysis based on the Landsat images. The 
two indices were the NDVI and the tasseled cap transformation with brightness, greenness, and 
third as factors. Vegetation indices are useful to maximize sensitivity to the biophysical 
parameters of interest and "#$#"#%&!'()#(*#+#,-!./&!,0!0,1&)!2(3,0)4!4/31!(4!(,"0451&)&6!4/$!($.!0*4&)'(,#0$!($7+&4!($.!40#+!*(387)0/$.. Spectral mixture analysis is suitable to account 
for fractional constituents at subpixel level [35, 36]. Endmembers for the spectral mixture 
analysis consisted of bare, vegetation, and shade. We selected endmembers following the method 
recommended by Bateson and Curtis [37]. 
 
ALOS/PALSAR data were acquired in August 2010 and downloaded from [38]. The data 
corresponded to a fine mode dual polarization (FBD) at 1.5 processing level (multi-look complex 
in range and azimuth). Preprocessing included radiometric calibration by converting the original 
digital numbers into power scale and reprojection to the Landsat coordinate system (UTM WGS 
1984). Further processing consisted of topographic correction using a 3 arc-seconds SRTM 
image downloaded from USGS Earth Explorer website [39]. Preprocessing was performed using 
ASF MapReady software [40]. We co-registered the scene to an RMS error of 0.5 using the 2010 
Landsat scene as the reference. In addition to the HH and HV bands, we calculated three band 
transformations named HH/HV ratio [41], NDI [42] and HH-HV [43]. 
 
Land cover classification 
We classified land covers in the focus areas using random forest. Random forest is an automated 
bootstrapping technique that builds decisions trees iteratively, using a random subset of the input 
data (out-of-bag data or OOB) [44]. The construction of trees differs from traditional decision 
tree classifiers in which each node is split based on the best of a randomly selected subset of 
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predictors [45]. Random forest does not require cross validation or an independent test set to 
provide an unbiased estimation of the error. Instead, the error is estimated internally by using 
each calibrated tree to classify the OOB data and then calculating the proportion of times 
excluded data is not classified as the real class over the total number of times data were left OOB 
[44]. We ran the classification using the randomForest package written under the R statistical 
program environment [46]. 
 
Field data for land cover classification and validation consisted of the collection of GPS tracked 
polygons and photographs taken with a camera with integrated GPS receiver and compass in 
areas representative of the land covers of interest and geospatial information obtained from a land 
zoning study [2]. Land cover categories consisted of oil palm, water bodies, unvegetated, pasture, 
fallow, secondary, and old-growth forest. We further divided oil palm data in three age ranges (0-
5, 5-10, >10). Since this paper focuses on the contribution of oil palm to deforestation in the last 
10 years, we recombined the final classes as oil palm plantations younger than 10 years, forest, 
and other land covers. The classification used a total of 392 polygons for calibration and 
validation, representing an area of 6,428 ha (Table 2.S1). Sampling in areas covered with oil 
palm included the registration of the approximate age of the plantations based on visual 
inspection and expert opinion. 
 
After classification, we applied a two-step post classification filter to reduce noise and eliminate 
spurious classification artefacts. The first step consisted of the application of a majority filter 
using a 3x3 window in order to remove isolated misclassified pixels. The second step consisted 
of removing fragments classified as young oil palm smaller than 5 ha or with an area between 5 
and 10 ha and a perimeter to area (P/A) ratio higher than 2.6. The P/A threshold excluded some 
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small-elongated spurious artefacts that may occur due to border effects or image misregistrations. 
We selected the 5 ha threshold considering that a typical oil palm plot managed by small 
producers is rarely smaller than 5 ha [18]. Furthermore, oil palm plots tend to be spatially 
clustered (Fig. 2.S2e) so we consider the threshold used to discard spurious artefacts 
conservative. 
 
The overall accuracy in the discrimination between oil palm younger than 10 years, forests and 
other land covers in 2010 was 97.6%. The smallest omission and commission errors occurred for 
forest while the largest errors occurred in oil palm. Omission and commission errors were about 
the same magnitude in each of the three land cover classes (Table 2.S3). 
 
Identification of land covers converted to oil palm 
To quantify area of pasture, secondary and old-growth forests converted to oil palm near Pucallpa 
between 2000 and 2010, we classified land covers for 2000 using data from Landsat. The 
classification was based on the calibration of a decision tree classifier for 2010 and the 
extrapolation of the tree parameters to the year 2000. Then we quantified the area in pasture, 
secondary, and old-growth forests in 2000 in lands occupied by oil palm plantations younger than 
10 years in 2010. In this case, we chose a decision tree instead of a random forest since it 
provided better results for temporal extrapolations. The area of land covers in 2000 converted to 
oil palm (Fig. 2.3b) was adjusted to account for bias in land cover classification using the ratio 
method described by [47]. 
 
We distinguished secondary from old growth forests in the field based on visual inspection of the 
composition and forest structure of the vegetation. Secondary forests tend to be dominated by 
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pioneer species. Also trees are generally smaller and stocking is lower than in old growth forests. 
We used basal area per hectare (G) to evaluate whether occupation in plots established in old 
growth forests differ significantly from secondary forests. We calculated G based on the 
measurement of the diameter at breast height (dbh) in 31 circular plots established in training 
areas used for classification of old-growth (15 plots) and secondary forests (16 plots). We 
measured trees with larger than 10 cm in plots of 400 or 500 m2 and those with dbh between 2.5 
and 10 cm in concentric plots of 100 m2. The distribution of G represented by plots established in 
old-growth forests differs significantly from normality (Fig. 2.S4) according to the results of a 
Shapiro-Wilk test (p-value = 0.0014). We used the Kruskal-Walis and Wilcoxon tests to compare 
G in both land covers since they are suitable for evaluating non-normal distributions. Differences 
in G between the two land covers were significant according to the results of both comparison 
tests (p-value<0.001). G values obtained for old growth forest can be considered conservative 
since most plots established in this land cover were located at less than 1 km distance from roads. 
Forest logging and degradation tend to occur near roads [48]. This might explain the distribution 
bias in plots representing old-growth forests. 
 
We assessed the accuracy of extrapolating the calibrated tree to different years by classifying a 
map for 2009 using Landsat data and then contrasting the results with field data collected in 2010 
as the reference. The accuracy of oil palm classification reduces considerably when using only 
Landsat data. As a result, most oil palm plantations were classified as either pastures or 
secondary. Since we focused our analysis in areas occupied by plantations younger than 10 years 
in 2010, we assumed that those lands were not oil palm in 2000. Therefore we reclassified oil 
palm categories as either pastures or secondary depending on whether most pixels in each oil 
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palm category were classified as pastures or secondary in 2009. The overall accuracy of the final 
map was 88% (Table 2.S3).  
 
Estimated annual production and land cover conversion relative to production by high- vs. 
low-yield plantations 
We estimated the amount of land and forest that can potentially be used or saved if all the 
estimated annual production was obtained with the typical productivity of low-or high-yield 
plantations (Fig. 2.4). Estimated annual production is the total anticipated harvest in the areas 
expanded during the last 10 years as high-and low-yield plantations. We calculated estimated 
annual production for high- and low-yield plantations as the product of the typical yield and the 
total area expanded by high- and low-yield plantations. Typical yield was estimated as the 
average of literature reports (Table 2.S2). We also calculated confidence intervals to the amount 
of land and forest used or saved considering the largest range of values determined by the mean ± 
the standard deviation of the different reports on yield for high- and low-yield plantations. We 
calculated the total area of pasture, secondary, and old-growth forest converted per unit of 
production by low- and high-yield plantations by dividing the total expected annual production 
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Fig. 2.S1. (a) Typical temporal pattern of forest conversion to oil palm vs. forest permanence. 
Dots indicate the data used after removing unreliable pixels. A second period moving average 
interpolation was added to each time series for visualization purposes. (b) Decision tree 
classifiers used to represent the pattern illustrated in (a). Values correspond to the mean 
semiannual EVI threshold calibrated for each node. 
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Fig. 2.S2. Typical patterns of large (a-d) and small (e) oil palm operations in Peru. Images correspond to RGB composites using $!





Fig. 2.S3. Accuracy in classifying events of forest conversion to high-yield oil palm plantations 




Fig. 2.S4. Basal area estimated for 31 plots established in training areas of old growth and 
secondary forest used for the land cover classification in the focus area in 2010. Boxes contain 
values between the 25 and 75 percentiles and thick lines inside them represent the medians. 
Points outside the boxes represent outliers and whiskers represent the maximum and minimum 
values excluding outliers. 
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Appendix 2.3. Supplementary tables
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In the Peruvian Amazon   
Oil palm 14,538 89 
Forest 25,722 * 
Total Peruvian Amazon 40,260  
In the focus area   
Oil palm 1-3 yr. 815 55 
Oil palm 3-5 yr. 410 37 
Oil palm 5-10 yr. 164 26 
Oil palm > 10 yr. 169 33 
Oil palm degraded 427 11 
No vegetation 32 5 
Burnt 516 48 
Deforested 127 6 
Pasture 1037 86 
Fallow 329 38 
Secondary 319 31 
Forest 2,082 16 
Total focus area 6,428 392 
* Obtained from the outputs of the 2010 raster classification for the focus area. 
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Table 2.S2. Typical yield reported for small and large oil palm plantations in Peru. 
Source Productivity (tons ha-1 yr-1) 
  Small Large 
[18] 10.01 25.0 
[18] 15.02   
[20] 14.01   
[20] 20.02   
[17] 12.0  
[49] 12.9  
[50]   24.3 
[50, 51]   21.1 
[50, 51]   18.0 
[50, 51]   20.5 
[51]   21.4 
[52]   24.0 
Average 14.0 22.0 
Standard deviation 3.4 2.3 
1 Lower and 2 upper values from a reported range. 
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Table 2.S3: Accuracy assessment for the land cover classification in the focus area. (A) 
Accuracy for the 2010 classification map using a random forest classifier and data from Landsat 
and ALOS-PALSAR. (B) Accuracy in the extrapolation of a land cover classification map 
calibrated with data from 2010 to a previous year (2009) using a decision tree classifier and 
Landsat data. 
 
Accuracy (%) Land covers 
Producer's User's 
A 2010     
Oil palm 93.8 93.4 
Old-growth 99.6 99.3 
Others 97.1 99.6 
B 2009   
No vegetated 87.4 69.7 
Pasture 99.6 60.6 
Secondary 52.5 89.8 
Old-growth 91.0 97.4 
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Table 2.S4. Total area converted to oil palm per land covers and conversion relative to 
production. 
 
Land cover Total area (km2) 
Forest conversion relative to 
production (m2/Mg) 
  Low-yield High-yield Low-yield High-yield 
Pasture 25.1 2.7 225.6 56.6 
Secondary 30.4 2.7 273.3 56.8 




Annual multi-resolution detection of land cover conversion to oil palm in the 
Peruvian Amazon 
 
This chapter should be cited as: 
Gutiérrez-Vélez, V.H., & DeFries, R. (2013). Annual multi-resolution detection of land cover 





Oil palm expansion is a major threat to forest conservation in the tropics. Oil palm can also be a 
sustainable economic alternative if incentives for expansion outside forests are set in place. 
Consistent methods to monitor the time and location of oil palm expansion and the area 
converted from different land covers are essential for the success of such incentives. We 
developed methods to detect and quantify annual land cover changes associated with oil palm 
expansion in the Peruvian Amazon between 2001 and 2010 at two spatial scales and for two 
production modes. At the coarse scale, comprising the whole Peruvian Amazon, we used MODIS 
data to detect forest conversion to large-scale, industrial oil palm plantations based on metrics 
characterizing temporal changes in vegetation greenness associated with the conversion. At the 
fine scale, we used data from the satellite sensors Landsat TM/ETM+ and ALOS-PALSAR to 
map and quantify the area from different land covers converted into large and small-scale oil 
palm plantations annually, in a focus area near the city of Pucallpa. Estimates were obtained from 
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the elaboration and further combination of maps representing oil palm plantations by ages in 
2010 and non-oils palm land covers in each year between 2001 and 2010. Validation data were 
obtained in the field and from geospatial information from previous studies. At the coarse scale, 
MODIS detected deforestation in 73% of training events larger than 50 ha. Detected events added 
up to 95% of the training areas. Total area converted to oil palm annually was quantified visually 
using data from Landsat TM/ETM+ with 96.3% accuracy. At the fine scale, the combination of 
data from Landsat TM/ETM+ and ALOS-PALSAR identified oil palm expansion in areas larger 
than 5 ha with 94% accuracy and the year of expansion with an uncertainty of ±1.3 years. This 
work underscores the need for data from multiple satellite sensors for a comprehensive 
monitoring of oil palm expansion, considering needs for information not only on the area 
expanded but also the time of conversion and land cover transitions associated with large- and 
small-scale plantations. 
 






Global demand for palm oil has grown exponentially during the last fifty years. Palm oil 
currently accounts for nearly a third of total edible vegetable oil production (Carter et al., 2007; 
FAOSTAT, 2012). Most of that demand has been satisfied through increases in harvested area 
rather than yield, suggesting that pressure on land for oil palm expansion will continue 
(Kongsager & Reenberg, 2012). Oil palm expansion is recognized as a major driver of tropical 
deforestation with detrimental consequences for biodiversity and the carbon cycle among other 
ecosystem services (Koh & Wilcove, 2008; Koh & Ghazoul, 2010; Wilcove & Koh, 2010; 
Murdiyarso et al., 2010; Fitzherbert et al., 2008). Oil palm plantations are actively promoted as a 
promising economic alternative among Amazonian countries (Pacheco, 2012). Amazon countries 
comprise nearly 60% of the total tropical forest area suitable for oil palm plantations (Persson & 
Azar, 2010). Increases in palm oil demand, along with incentives for oil palm cultivation and the 
existence of extensive forest areas suitable for palm oil production, raise concerns over the fate of 
Amazonian forests (Corley, 2009; Butler & Laurance, 2009; Persson & Azar, 2010). 
Alternatively, oil palm can constitute a sustainable economic activity if incentives for expansion 
outside forests are set in place (Basiron, 2007; Wicke et al., 2011). The success of such incentives 
requires reliable methods to monitor the time, location, and land cover changes attributed to oil 
palm expansion (Kongsager & Reenberg, 2012). Monitoring land cover conversion to oil palm 
can serve to assess the effectiveness of policy approaches to promote sustainable palm oil 





The application of remote sensing to detect oil palm expansion is challenging because plantations 
rapidly develop a dense canopy that makes them spectrally and structurally similar to other land 
covers, in particular secondary vegetation (Santos & Messina, 2008) or flooded forests (Morel et 
al., 2011). In addition, rapid canopy closure saturates the satellite signal, reducing the ability to 
evaluate structural characteristics (Rosenqvist, 1996; Morel et al., 2011). Early attempts for 
correlating oil palm with satellite information consisted primarily of assessing oil palm age or 
structural variables such as LAI or biomass from data retrieved from optical or SAR satellite 
sources, with moderate results (Rosenqvist, 1996; McMorrow, 1995, 2001). Efforts to map oil 
palm plantations have relied on visual interpretation to either define spectral class thresholds 
(Thenkabail et al., 2004), assign land cover classes to unsupervised post-classification categories 
(Koh et al., 2011) or manually digitize reflectance data (Carlson et al., 2012; Miettinen et al., 
2012). Recent studies have demonstrated the suitability of using SAR data for oil palm mapping 
through the application of supervised classification methods (Santos & Messina, 2008; Morel et 
al., 2011). 
 
Methods for detecting oil palm in previous studies have been predominantly developed in areas 
covered by large-scale industrial plantations. Industrial plantations are usually operated by 
private companies, with sufficient access to capital and resources to optimize yields in relatively 
large areas (Gutierrez-Velez et al., 2011). The detection of large-scale plantations is facilitated by 
their typical spatial patterns, characterized by cultivation in large homogeneous blocks, usually 
under optimal management. In contrast, small-scale oil palm plantations are more heterogeneous 
due to differences in management and spatial configuration (Gutierrez-Velez et al., 2011). Small-
scale plantations are typically owned by smallholders with restricted access to capital and land 
that limits expansion and constraints yields (Gutierrez-Velez et al., 2011). Both industrial and 
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small-scale oil palm plantations are expanding in the tropics (Feintrenie et al., 2010; Vermeulen 
& Goad, 2006). Therefore, reliable remote sensing methods are imperative for detecting both 
accurately. 
 
In this paper, we evaluate tradeoffs between spatial and temporal resolutions among satellite 
sensors to determine the area, time and location of oil palm expansion and associated land cover 
changes between 2001 and 2010 in the Peruvian Amazon at two spatial scales. At the coarse scale 
we used time series data from MODIS to identify areas of old-growth forest converted to 
industrial oil palm plantations annually in the whole Peruvian Amazon. At the fine scale, we 
combine information from Landsat TM/ETM+ and ALOS-PALSAR to map annual oil palm 
expansion and the associated land cover changes in a focus area near the city of Pucallpa, where 
both industrial and small-scale plantations operate (Gutierrez-Velez et al., 2011). 
 
The methods described in this paper for the coarse-scale analysis proved useful for quantifying 
the contribution of high-yield oil palm expansion to deforestation in the Peruvian Amazon in a 
previous publication (Gutierrez-Velez et al., 2011). The fine-scale analysis described here 
expands on our previous analyses by developing a method to quantify land use transitions 
associated with oil palm expansion on an annual basis. Here we compare the performance of the 
coarse and fine methods and discuss spatial, temporal, and categorical trade-offs between the two 






3.2.1 Study areas 
The study takes place at two spatial scales (Fig. 3.1). The coarse-scale analysis comprises the 
Peruvian Amazon, covering an area of 939,204 km2. By 2000, the total protected area in the 
Peruvian Amazon was 7.3% while deforestation corresponded to 8% of the territory (MINAM, 
2009). Major forests types are classified as lowland and highland vegetation. Lowland forests 
include seasonally flooded vegetation and terra-firme forests. Highland forests are located in 
dissected hills and mountains toward the west, limiting to the Andean region (IIAP, 2004). The 
boundaries of the area were obtained by overlaying a map of the Amazon basin (Costa et al., 
2003) with the country limits of Peru (IIAP-GRSM, 2005). 
 
We restricted our analysis to areas suitable for oil palm plantations. Suitability was based on 
environmental conditions favorable for oil palm growth. Oil palm grows well in non-flooded and 
well drained soils located below 700 m altitude and slopes lower than 12%. Areas with 
precipitation between 1700 and 4000 mm yr-1 and annual temperature between 22 and 320C are 
considered suitable for oil palm plantations (Raygada-Zambrano, 2005; Saenz-Mejia, 2006).  We 
selected the area for further analysis based on the criteria for non-flooded areas, slope and 
altitude because the study area does not pose any restriction for oil palm growth in terms of 
precipitation or temperature. Elevation and slope were calculated from a SRTM digital elevation 
model at 250 m resolution (Jarvis et al., 2008) (Table 3.1). We used SRTM data at 250 m 
resolution to keep consistency with the resolution of the input data from MODIS used for oil 
palm detection and the final resolution of the coarse scale analysis (232 m). SRTM data is also 
available at 90 m resolution but the gain in detail from using finer SRTM resolution data will 
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likely be lost after resampling the data to the MODIS resolution. Flooded areas were removed 
from the analysis using the wetland map from (Melack & Hess, 2011). 
 
 
Fig. 3.1. Study areas for the coarse and fine scale analyses. 
 
The study area for the fine-scale analysis is located in the Ucayali region between the Aguaytia 
and Ucayali rivers near the city of Pucallpa. It comprises a total area of 2,158 km2 corresponding 
to 0.2% of the extent of the Peruvian Amazon. The terrain is mostly composed by undulated 
plains and knoll hills that do not pose restrictions for oil palm plantations in terms of flooding, 
soil drainage, or slope (GOREU-IIAP, 2003). We also included some areas with moderately 
marginal slopes for oil palm (15-25%) because we found oil palm expanding in those areas in our 
fieldwork. The study area is located in one of the most dynamic deforestation hotspots in the 
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Peruvian Amazon (Oliveira et al., 2007) where both large- and small-scale oil palm plantations 
are expanding actively (Gutierrez-Velez et al., 2011). Elevations oscillate between 150 and 250 
m. Annual mean temperature is 250C, fluctuating between 21 and 320C. Precipitation ranges 
between 1500 and 2500 mm/yr. The precipitation cycle is bimodal with a longer and drier season 
between June and August and a shorter and less intense one between December and January 
(Barbaran-Garcia, 2000; Fujisaka et al., 2000). 
 
3.2.2. Coarse-scale analysis 
 
Satellite and training data 
We used the 16 days composite Enhanced Vegetation Index (EVI- Huete et al., 2002) for 
detecting annual forest conversion to oil palm in the Peruvian Amazon with a final resolution of 
232 m. EVI is included in the MOD13 vegetation product, collection 005. Data were downloaded 
for the period 2000-2010 (Table 3.1, Table 3.S1). We also used the Vegetation Continuous Field 
product –VCF- (Hansen et al., 2006) for the year 2000 to identify forest areas in the initial year of 
the analysis (Table 3.1, Fig. 3.S1). 
 
We obtained the geo-location of areas covered by oil palm through field visits to oil palm 
operations and forest areas between 2009 and 2010 using a GPS receiver and from existing 
geospatial data from a land zoning study (IIAP-GRSM, 2005). Geo-located areas were used in 
conjunction with Landsat TM/ETM+ data to create training polygons representing unconverted 
forests and annual events of forest conversion to oil palm (Table 3.1). Industrial, large-scale oil 
palm operations follow typical spatial patterns, consisting of rectangular blocks with a nearly 
uniform size of about 25 ha separated by a road network that facilitate their identification (Fig. 
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3.2). In total we created 89 polygons comprising an area of 145 km2 (Table 3.2). Because the 
acquisition dates of the Landsat TM/ETM+ images used for the collection of training data 
changed year to year, we derived the exact year of deforestation based on the time when a drop in 
EVI characterizing forest loss (Fig. 3.3a), was observed in the MODIS data. 
 









pixel size Source 
Coarse scale analysis     
Landsat TM/ETM+ 06-066 13 30 m INPE, 2011; USGS, 2011 
Landsat TM/ETM+ 07-066 11 30 m INPE, 2011; USGS, 2011 
Landsat TM/ETM+ 08-064 7 30 m INPE, 2011; USGS, 2011 
Landsat TM/ETM+ 08-066 11 30 m USGS, 2011 
Vegetation indices (MOD13Q1) h10 v09 250 250 m LP-DAAC, 2001 
Vegetation indices (MOD13Q1) h10 v10 250 250 m LP-DAAC, 2001 
Vegetation indices (MOD13Q1) h11 v09 250 250 m LP-DAAC, 2001 
Vegetation indices (MOD13Q1) h11 v10 250 250 m LP-DAAC, 2001 
Vegetation continuous fields (MOD44) h10 v09 1 250 m LP-DAAC, 2001 
Vegetation continuous fields (MOD44) h10 v10 1 250 m LP-DAAC, 2001 
Vegetation continuous fields (MOD44) h11 v09 1 250 m LP-DAAC, 2001 
Vegetation continuous fields (MOD44) h11 v10 1 250 m LP-DAAC, 2001 
SRTM digital elevation model - 1 250 m Jarvis et al., 2008 
Amazon basin map - 1 5 min Costa et al., 2003 
Country boundaries of Peru - 1 - IIAP-GRSM, 2005 
Current land use in San Martin - 1 - IIAP-GRSM, 2005 
Fine scale analysis     
Landsat TM/ETM+ 06-066 13 30 m USGS, 2011 
Landsat TM/ETM+ 07-066 13 30 m INPE 2011; USGS, 2011 
ALOS-PASAR (ALPSRP246677010) 106-7010 1 12.5 m JAXA, 2006 
SRTM-DEM - 1 3 Arc USGS 2010 





Fig. 3.2. Typical spatial patterns of large (a-d) and small (e) oil palm operations in Peru. Images 
correspond to RGB composites using bands 4, 3, 2 from Landsat TM images acquired in 2010 (a, 






Fig. 3.3. (a) Typical temporal pattern of forest conversion to oil palm vs. forest permanence. Dots 
indicate the data used after removing unreliable pixels. A second period moving average 
interpolation was added to each time series for visualization purposes. (b) Decision tree 
classifiers used to represent the pattern illustrated in (a). Tree 1 accounts for the drop in EVI 
during forest conversion to oil palm and Tree 2 for the increase in EVI after oil palm 





















































    Year -1          Year 0     Year 1     Year 2 
EVI Jul-Dec 
year -1 > 4,250 
EVI Jul-Dec 
year 0 < 4,250 
EVI Jan-Jun 
year 2 ! 6,232 
EVI Jan-Jun 



















We applied a series of filters to remove marginal or unreliable data from the input MODIS EVI 
data. The first step consisted of using the pixel reliability layer that comes with the vegetation 
product to discard unreliable pixels. The layer consists of ranked values describing overall pixel 
quality (USGS, 2012). For our purpose, we retained pixels labeled as 0 (good quality) and 1 
(marginal quality). We included marginal quality pixels even if they contained some 
contaminated observations to increase the number of observations for the analysis, considering 
the high cloud persistence in the area. We performed a further temporal filter to remove 
unreliable observations that might remain in the marginal data. Observations were removed if 
their EVI was higher or lower than the values from both the previous and posterior observations 
by a difference of at least 10% (Fig. 3.S2). We also removed observations with a reflectance in 
the blue band (459-479 nm) greater than 10% because these values have typically been associated 
with clouds in similar applications (Sakamoto et al., 2006; Galford et al., 2008; Cuevas-Gonzalez 
et al., 2009). Observations with data in only one adjacent date were removed if the difference in 
EVI with the one adjacent observation was larger than 10% and the absolute reflectance in the 
NIR band (841-876 nm) was lower than 20% or higher than 4% in the blue band. Low reflectance 
in the NIR band is typical of cloud shadows while high reflectance in the blue band is associated 
with clouds (Martinuzzi et al., 2007). These thresholds were derived empirically following the 
approach by Langner et al., (2007) in which spectral characteristics of areas covered by clouds or 
cloud shadows are compared with both adjacent non-contaminated pixels in the same scene and 
with the previous and posterior observations using temporal EVI profiles. The values chosen are 
comparable to previous related applications (Martinuzzi et al., 2007; Langner et al., 2007; 
Galford, et al., 2008). If no observations were available in either of the adjacent dates, 
observations were removed if their EVI value was more than 1.5 standard deviations away from 
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the time series mean and the reflectance in the NIR or blue band were beyond the thresholds 
specified above. 
 
Detection of forest conversion to oil palm 
The coarse-scale analysis was confined to areas that were originally forested in 2000. Forests in 
2000 were identified by creating a forest/non-forest mask using the Vegetation Continuous Fields 
(VCF) product. For this purpose we created forest/non-forest masks using percentages of tree 
covers between 56 and 60% as thresholds. Then we compared each result with a forest/non-forest 
mask created from the land cover classification for 2000 that was included as part of the fine-
scale analysis described later. We defined forests as areas with a tree cover higher than 59% 
because this was the threshold that maximized overall accuracy (Fig. 3.S3). 
 
We explored temporal patterns in training areas of forest converted to oil palm and found that 
they exhibited a typical pattern consisting of a drop in EVI during the conversion year followed 
by a dramatic increase in greenness in subsequent years (Fig. 3.3a). This pattern was 
characterized by calculating mean EVI values annually and for the first and last six months of 
each year. These metrics were used for classification using decision trees (Hansen et al. 1996; 
Simard et al. 2000). We calibrated two decision trees. The first tree accounted for the drop in EVI 
during forest conversion and the second one for the increase in EVI after oil palm establishment 
(Fig. 3.3b). Exploratory analyses indicated that the independent calibration and subsequent 
recombination of the two trees accounting for both processes associated with forest conversion to 
oil palm reduced commission errors compared to running a single decision-tree analysis. We 
created a map of the cumulative number of pixels classified as oil palm every year during the 
period of analysis. Then we applied a sieving filter to discard small isolated areas containing 
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eight or less pixels (approximately 45 ha) classified as oil palm. The 8-pixel threshold was 
selected because it minimized false detections while conserving the detection of most training 
events. Areas classified as forest conversion to oil palm were explored through field surveys or 
visually, using data from Google Earth (Google, 2011) or recent Landsat TM/ETM+ scenes. 
Detections were discarded if they did not represent the spatial patterns typical of large-scale oil 
palm plantations (Fig. 3.2). 
 
Table 3.2. Total area and number of polygons measured in the field for land cover classification. 
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 * Obtained from the outputs of the 2010 raster classification for the focus area. 
 
MODIS is well known for its suitability to characterize temporal changes in vegetation but its 
ability to estimate area is limited (Morton et al., 2006). Therefore we used Landsat TM/ETM+ 
data to measure the total area converted to oil palm every year in locations where we identified 
forest conversion to oil palm. Total annual forest conversion to oil palm was calculated based on 
visual delineation of forest loss using RGB composites created with Landsat TM/ETM+ data 
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from two consecutive years (Fig. 3.S1). Composites typically consisted of bands 4 and 3 from the 
first year and band 3 from the last year. Spectral characteristics of areas that underwent 
deforestation from one year to the next are very conspicuous when using bands from both years 
to construct RGB composites (Fig. 3.S4).  
 
Accuracy assessment 
Producer’s accuracy was assessed by eliminating one training event at a time and then evaluating 
the ability of a decision tree calibrated with data from the remaining events to predict the 
excluded one. A prediction was considered a success if the excluded conversion event contained 
one or more pixels classified correctly as forest conversion to oil palm. Producer’s accuracy was 
expressed as the proportion of successes classified in different event size ranges. 
 
User’s accuracy was calculated as the proportion of detected conversion events that did not 
correspond to oil palm expansion in the field. Accuracy in the visual delineation of areas 
converted to oil palm was assessed using the results of the detailed multiannual classification 
conducted for the fine-scale analysis as reference. 
 
Our accuracy analyses were complemented with an exhaustive review of literature sources and 
governmental statistics about current and planned large-scale oil palm plantations in Peru (IIAP-
GRSM, 2005; Arevalo et al., 2008, 2009; Bruinsma, 2009; Ruiz-Rios, 2011). We used data from 
other sources to test the reliability of our method in terms of omission errors and also to increase 
confidence in terms of the extent to which our detected events represent all large-scale oil palm 




3.2.3. Fine-scale analysis 
 
Satellite and training data 
Satellite data consisted of an ALOS-PALSAR scene from September 2010 and Landsat 
TM/ETM+ images for every year during the period 2000-2011 (Tables 1, S1). The 2000 and 
2011 images were incorporated to the classification to apply a temporal categorical filter 
(described later) to all images used in the analysis, including 2001 and 2010. The ALOS-
PALSAR scene was acquired in the fine beam dual polarization mode (HH and HV) at 1.5 
processing level (multi-look complex with one look in range and four looks in azimuth) and a 
native resolution of 12.5 m. 
 
Field reference data for land cover classification and validation consisted of polygons 
representing the land covers of interest. Field data were collected with a GPS unit or a digital 
camera with incorporated GPS receiver and compass. Data were collected during field campaigns 
in the years 2010 and 2011. Land covers of interest consisted of water, un-vegetated, short 
grasses, grasses, shrublands, secondary forests, old growth forests and oil palm plantations with 
ages between 1 and 25 years. Age of oil palm plantations was provided by the owner or manager 
of the plantations at the time of measurement. 
 
Areas classified as water included both rivers and lakes. Short grasses included partially covered 
ground with small regrowing herbs from recently burned fields or degraded pastures due to over 
grazing. Grasses consisted of tall herbaceous species, including imperata fields (Imperata sp.), 
brachiaria (Brachiaria sp.), and other native herbaceous with small-scattered shrubs in some 
fields. Secondary forests consisted of tree-dominated vegetation located in previously cleared 
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lands but with a significant lower stocking than old growth forests. Differences in stocking 
between secondary and old-growth forests are described in Gutierrez-Velez et al. (2011). We 
measured 420 polygons totaling an area of 69 km2 (Table 3.2). 
 
Image pre-processing 
Pre-processing of the Landsat TM/ETM+ images consisted of the conversion of digital numbers 
to atmospherically adjusted ground reflectance using the Ledaps algorithm (Masek et al., 2006). 
All images were further normalized radiometrically by applying the MAD algorithm (Canty & 
Nielsen, 2008) to all atmospherically adjusted Landsat TM/ETM+ images. Radiometric 
normalization reduced differences in reflectance between images due to seasonal atmospheric 
variations not captured in the calculation of ground reflectance. We also removed areas covered 
by clouds and cloud shadows based on the application of mask thresholds to the NIR, blue, and 
thermal bands using the procedure described by Martinuzzi et al. (2007). One image downloaded 
from INPE (2011) was geometrically corrected using the ITP find algorithm (Kennedy & Cohen, 
2003). 
 
Pre-processing of the ALOS/PALSAR scene included the conversion of original digital numbers 
into power scale and subsequent reprojection to the same coordinate system as the Landsat 
TM/ETM+ images (UTM 18 S, WGS 1984). We also applied geometric and radiometric terrain 
corrections using a digital elevation model from SRTM at 3 arc second resolution downloaded 
from the USGS Earth Explorer (Table 3.1). Antenna pattern calibration was not required because 
it is already incorporated in the 1.5 processing level. The Faraday rotation of the dataset used for 
this analysis was 0.50, way below any critical threshold to significantly reduce the accuracy of 
geophysical parameter recovery (Kimura, 2009; McNairn et al., 2009) and therefore no correction 
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for Faraday rotation was applied. In addition, we did not apply any speckle correction filter to the 
image because it was smoothed after terrain correction as a consequence of the pixel resolution 
and interpolation scheme used by the processing software (Fig. 3.S5). The application of a 
speckle filter would degrade the image further, reducing useful feature information (Zhenghao & 
Fung, 1994; Nyoungui et al., 2002). Pre-processing was performed using the ASF MapReady 
software (ASF, 2010). The scene was finally co registered with the Landsat TM/ETM+ images 
with a RMSE of 0.5 and a final resolution of 30 m using the ENVI software (ITT, 2010). 
 
Prior to classification, we performed a series of spectral transformations to the reflectance data 
from Landsat TM/ETM+ and ALOS-PALSAR and then used them as inputs for the 
classification. For Landsat TM/ETM+ data, band transformations consisted of i) the brightness, 
greenness and third factors from a tasseled cap transformation, ii) the bare, vegetation and shade 
components from a spectral mixture analysis and iii) NDVI. Vegetation indices and band 
transformations are known for maximizing sensitivity to biophysical parameters of interest while 
reducing internal and external effects (Jensen, 2005). Spectral mixture analysis is useful to 
account for sub-pixel fractional composition of particular end-members (Shimabukuro & Smith, 
1991) and has proven useful for previous land cover classification studies in the Amazon (Lu et 
al., 2004). Input data from ALOS-PALSAR consisted of the pre-processed HH and HV 
backscatter bands plus three transformations consisting of the HH/HV ratio (Walker et al., 2010), 
the NDI (Almeida et al., 2009) and the difference between HH and HV (Wijaya & Gloaguen, 
2009). 
 
End-members for the spectral mixture analysis were selected manually from the 2010 reference 
Landsat TM image using the multidimensional visualization method described by Bateson & 
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Curtis (1996). The method consists first of orthogonal transformation of original bands using the 
minimum noise fraction transform (Green et al., 1988). Then, the mixing space created by the 
eigenvalues that account for most of the variance is explored interactively for a set of spectral 
signatures that represent potential local endmembers. In our case, endmember candidates were 
collected from i) bare areas or sand deposits along rivers for the bare fraction; ii) areas covered 
by uniform dense herbaceous vegetation for the vegetation fraction and iii) deep clear lakes for 
the shade fraction. The most extreme values in the mixing space were selected as final 
endmembers, assuming they represent the purest pixels in the images (Lu et al., 2003). Finally a 
spectral library was created based on the reflectance of the endmembers in Landsat TM bands 1 
to 5 and 7 and then applied it to all atmospherically adjusted and radiometrically normalized 
images to express the spectral information as a combination of the three endmembers. The 
transformation was performed by constraining the data so the sum of the end member values in 
each pixel was equal to 1. The spectral mixture analysis was performed in the ENVI program 
(ITT, 2010). 
 
Oil palm classification in 2010 using data from Landsat TM/ETM+ and ALOS-PALSAR 
Land cover classification for 2010 was performed using Random Forest, a supervised machine 
learning classification technique that iteratively builds a series of decision tree classifications 
using a randomly selected subset of the training data. Random Forest grows trees by splitting 
each node using the best of a random subset of input predictors. This characteristic makes the 
algorithm very robust compared to other classifiers and reduces over fitting (Breiman, 2001; 
Liaw & Wiener, 2002). The final category assigned to each pixel corresponds to the most 




Our classification was based on the outputs of 500 decision trees. Nodes in each tree were built 
based on the best of four randomly selected input variables. Previous to classification, we 
excluded a buffer area of 30 m around each training polygon to avoid pixels with potentially 
mixed spectral information from neighboring land covers in the classification. Random Forest 
classification was performed using the randomForest package (Liaw & Wiener, 2002) in the R 
programming environment (R development team, 2011). 
 
Imbalances in the size of the training data from different classes can bias the classification 
towards larger classes or training datasets (Chen et al., 2004). In our case, imbalances would 
likely overfit forest areas and oil palm younger than 5 yr (Fig. 3.S6). In order to minimize 
classification imbalances we performed a stratified classification considering each training 
polygon as a stratum. Since each class is composed of several training polygons, the algorithm 
randomly selected in each iteration, the same number of pixels in all classes and also the same 
number of pixels from all polygons inside each class. This procedure guarantees that the 
sampling size is the same for all strata in each class and across classes. The number of pixels 
randomly selected for calibration per class in each iteration was equal to the total pixels in the 
class with the fewest training pixels multiplied by 0.5. The remaining pixels were left out for 
validation (Fig. 3.S6). We left a large random subsample for validation in each iteration to 
provide a conservative estimate of the error. Larger validation sets will likely increase spectral 
variability, reducing the chances to classify atypical pixels. The number of calibration pixels from 
each stratum inside a class was calculated as the total pixels selected per class divided by the 
number of training polygons (strata) in the class. Some training data corresponding to old, 
degraded oil palm plantations were eliminated because their spectral signature was not 
distinguishable from other land cover classes. The exclusion of degraded oil palm does not affect 
!! !
)+!
the analysis because our estimation focuses on oil palm expansion since 2001 and degraded oil 
palm plantations were established before then. 
 
In order to identify areas covered by oil palm in 2010, we re-classified the image as oil palm 
plantations and others. Then we performed a post-classification filtering to reduce noise and 
remove spurious classification artifacts. The first step was to apply a 3x3 majority filter. Then we 
removed isolated areas classified as oil palm smaller than 5 ha and with a perimeter-area ratio 
larger than 2.2. The P/A ratio served to remove small, elongated objects that might be attributed 
mostly to edge effects or image miss-registrations. The 5 ha threshold is regarded as conservative 
considering that oil palm plantations in the study area are rarely smaller than 5 ha and most of 
them tend to be spatially aggregated (Arevalo et al., 2008; Fig. 3.2e). 
 
Historic classification of non-oil palm classes 
The short lifespan of ALOS-PALSAR compared to the long time record of Landsat TM/ETM+ 
images limits the possibility to construct a detailed annual land cover classification using data 
from both sensors. Santos & Messina (2008) and our results shown below indicate the limited 
ability to distinguish oil palm from other land covers using Landsat TM/ETM+ data only. 
Therefore, we used data from Landsat TM/ETM+ to classify land covers other than oil palm in 
2010 and used this parameterization to classify those land covers every year between 2000 and 
2010. Other land covers consisted of old growth forest, secondary forest, and others. These land 





After constructing the annual land cover classification, we performed two post-classification 
filters. The first one consisted of a spatial 3x3 majority filter to reduce speckle and other spurious 
effects. The second filter was temporal, based on the identification and replacement of disallowed 
land cover trajectories, following the approach described by Roberts et al. (2002). The filter was 
applied by comparing the land cover classification for every pixel during three contiguous years. 
If the land cover assigned to the pixel in the second year did not represent a “reasonable” land 
cover, it was replaced by the most likely land cover based on the information in the surrounding 
years (Roberts et al., 2002). For instance, a pixel classified in three consecutive years as forest-
secondary-forest was reclassified as forest in the second year (Table 3.S2). This filter was also 
used to predict land covers in areas masked as clouds, cloud shadows, or data gaps; based on the 
land cover classification in surrounding years. 
 
Oil palm age mapping in 2010 
Oil palm age was predicted and mapped for each pixel classified as plantations in 2010 using 
Random Forest regression. Random Forest regression is different from Random Forest 
classification in that it predicts continuous values rather than categories. The predicted age per 
pixel value in the Random Forest regression corresponds to the average age predicted by all the 
trees used to build the forest (Liaw & Wiener, 2002). 
 
We used the age map classified at the pixel level as the input for a segmentation to aggregate 
surrounding pixels with similar ages. Segmentation was performed using the ecognition® 
software (Trimble, 2011) with scale=15 (range goes from 5 to 250) and color = 0.9 (range goes 
from 0.1to 0.9) as initial settings in a nearest neighbor classifier. We assigned to each segment, 
the average age of all pixels inside it. Similar contiguous pixels were aggregated to represent 
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more closely oil palm cultivations in the region, which are planted in homogeneous areas that 
span beyond the 30 m pixel resolution of the analysis. We selected low scale and high color 
values because they result in smaller segments, reducing the possibility of aggregating small 
contiguous plantations established in different years. In order to reduce biases in the estimation of 
oil palm age per segment, we fit a linear model to predict oil palm age observed in the field as a 
function of the average age per segment and assigned the predicted age to each segment for 
further analysis (Fig. 3.S1). 
 
Annual land cover changes associated with oil palm expansion between 2001 and 2010 
We mapped oil palm expansion every year based on the predicted age per segment in 2010. The 
year of establishment was initially assumed to be the one when the age of the segment was equal 
to zero. Given the uncertainty in oil palm age mapping, we further used information on temporal 
land cover changes to refine the prediction of the year of conversion for those segments that were 
mostly classified as either old-growth or secondary forests in the predicted year of establishment. 
In these cases, we changed the year of establishment for the one in which the majority of the 
segment changed from forest to non-forest within a period of ±3 years around the time of age 
zero. Finally, we estimated the area of old-growth forest, secondary forests and other categories 
converted to oil palm every year for each segment, using the land cover information from the 
year prior to conversion (Fig. 3.S1). 
 
Accuracy and uncertainty assessment 
Accuracy in the classification of oil palm and other land covers in 2010 was obtained directly 
from the outputs of the Random Forest classification. Random Forest does not need cross 
validation or an independent data subset to provide an unbiased estimator of the error. Instead, it 
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uses a bootstrapping approach to predict the error internally, based on the proportion of times 
decision trees predict correctly the independent subset randomly excluded from the training data 
to construct each tree (Breiman, 2001, Liaw & Wiener, 2002).  
 
Spatial accuracy in the classification of non-oil palm categories outside areas classified as oil 
palm in 2010 was also obtained from the outputs of the Random Forest classification. We also 
assessed temporal accuracy as the ability of the Random Forest calibrated in 2010 to classify land 
covers in 2011. We assumed that if our 2010 algorithm could correctly classify land covers in 
2011, then this algorithm could be used to classify land cover annually during the full time period 
of our study. Uncertainty in the estimation of oil palm age was expressed as the root mean square 




3.3.1. Annual forest area converted to large oil palm plantations in the Peruvian Amazon 
The method for identifying annual forest conversion to oil palm at the coarse scale proved useful 
for conversion events larger than 50 ha. As expected with MODIS resolution, events smaller than 
50 ha were not detected. For these larger events, producer’s accuracy corresponded to 73% (Fig. 
3.4a). Events larger than 50 ha accounted for 95% of the training areas of forest conversion to oil 
palm even though they comprised 68% of the number of conversion events (Fig. 3.4b). 
Producer’s accuracy expressed as the area of detected training events relative to the total training 





Fig. 3.4. Accuracy in the detection of forest conversion to oil palm in the coarse scale analysis for 
different deforestation event sizes in terms of (a) number of events detected and (b) total area 
detected. 
 
Our results included four new potential conversion events in addition to the ones identified in the 
field. Later field surveys confirmed that one of these areas corresponded to a 75 ha block of oil 
palm near the city of Pucallpa (Fig. 3.5). The other three events corresponded to commission 
errors, as they did not represent the typical spatial patterns of large-scale oil palm expansion 
events (Fig. 3.2). These errors represented 16% of the training events, yielding a user’s accuracy 
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of 84%.Accuracy in the visual identification of the area of oil palm expansion into old growth 
forests, using the results from the fine scale analysis as reference, was 96.3%. 
 
 
Fig. 3.5. Location of large-scale oil palm operations and number of detections in the coarse scale 
analysis (modified from Gutierrez-Velez et al., 2011). 
 
Reviewed sources indicated the existence of two additional large oil palm events, located in the 
focus study area. Our maps generated for the fine scale analysis confirmed that these operations 
expanded mostly outside forests. Therefore, their detection was beyond the scope of our coarse 
scale analysis. Assuming that the results from our remote sensing analysis and our exhaustive 
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we estimated the total forest area converted to oil palm as 72% of the total oil palm expansion 
between 2001 and 2010 (Gutierrez-Velez et al., 2011). Most of the conversion occurred since 
2006 when 93% of the total expansion and 98% of the deforestation occurred (Fig. 3.6). 
 
 
Fig. 3.6. Total oil palm expansion and deforestation between 2001 and 2010 in the Peruvian 
Amazon (modified from Gutierrez-Velez et al., 2011). 
 
3.3.2. Annual land cover conversion to oil palm in the focus area 
 
Land cover classifications 
The use of Landsat TM/ETM+ and ALOS-PALSAR data for oil palm classification in 2010 
resulted in an overall error of 6.2%, representing about half the error obtained using Landsat 



























































omission in the identification of oil palm, with a value of 16.3 % using data from both sources 
versus 27.9% obtained using Landsat TM/ETM+ data only and 26.3% with ALOS-PALSAR 
only. The total area classified as oil palm in 2010 in the focus area was 141 km2. 
 
The random forest classification of non-oil palm land covers in 2010 resulted in an overall error 
of 3%. Overall error in the classification of training data in 2011, using the Random Forest 
parameters calibrated in 2010, was 6% (Fig. 3.7b). The temporal filtering of disallowed 
trajectories identified and reclassified 7% of total pixels, of which 3% corresponded to the 
prediction of land covers in areas covered by clouds, cloud shadows, or data gaps. 
 
 
Fig. 3.7. Classification errors in the focus area for a) oil palm versus other land covers in 2010 
using data from Landsat TM/ETM+ and ALOS-PALSAR versus both Landsat TM/ETM+ and 
ALOS-PALSAR and b) non-oil palm categories in areas outside oil palm using Landsat 
TM/ETM+ data only. Spatial corresponds to the errors in land cover mapping in 2010 obtained 
from the random forest classification. Temporal corresponds to the error obtained by using the 

























































































































































TM A/P Fusion 




Age of oil palm in 2010 
Oil palm age at the pixel level was predicted with a pseudo-r2 of 75% and a RMSE of ±1.9 years. 
The prediction was relatively unbiased for plantations between 3 to 13 years (Fig. 3.8a). The 
pixel-based classification portrayed adequately the geographic distribution of oil palm blocks 
with similar ages (Fig. 3.9). Further segmentation and averaging of contiguous pixels with similar 
ages resulted in a stronger correlation with the observed ages in the field compared to the results 
from the pixel level classification (Fig. 3.8b). Segmentation also reduced uncertainty but 
indicated a systematic bias in the estimated age. This bias was minimized after applying a linear 
model to predict the age of field training polygons as a function of the average age per segment, 
reaching an r2 of 89% and an RMSE of ±1.3 years (Fig. 3.8b). No signs of saturation in the 






Fig. 3.8. (a) Observed vs. predicted oil palm age using random forest regression. Pseudo r2 =75% 
and RMSE = ±1.9 years. Line represents 1:1 relationship. (b) Post segmentation bias correction 
in oil palm age classification used for predicting the year of oil palm expansion. Adjusted r2 = 





Fig. 3.9. Oil palm age in 2010 for the fine scale study at the pixel level a) in the entire study area 
and b) in an inset represented by the gray square in a). c) Average oil palm age per segment in the 
same inset shown in b). 
 
Land covers converted to oil palm annually between 2001 and 2010 
Oil palm expansion in the focus area between 2001 and 2010 totaled an area of 121 km2, 
corresponding to 86% the area classified as oil palm. Most of the expansion occurred after 2005 
when 91% of the total development during the entire study period took place (Fig. 3.10a). Based 
on our annual tracking of oil palm expansion, we estimated that 19 km2 of forest were converted 
to oil palm between 2001 and 2010, corresponding to 15% of total expansion. This value 
represents about half of the estimated deforestation if only data from the first and last years of 













































Fig. 3.10. Total area converted from old-growth forest, secondary forest, and other land covers to 
oil palm between 2001 and 2010 calculated using a) time series land cover maps versus b) data 
from the first and last years of analysis. The total estimated expansion for 2009 and 2010 is 
reduced in a) for reasons explained in section 4.5. Differences in the estimates of total area 
converted from both approaches are a consequence of the adjustment to the estimated year of 
conversion applied to our time series analysis. Areas that were predicted as established before 
2000 based on age only but that appeared still as forests in 2000 were carried over to the year 
























































































We discuss the results from the application of the coarse and fine-scale analyses in terms of 
spatial, temporal and categorical trade-offs in the detection of land cover conversion to oil palm. 
Spatial trade-offs relate to the minimum size of the expansion events detected by each method 
and the spatial coverage of the satellite sources. Temporal trade-offs refer to the ability to detect 
the year of conversion. Categorical trade-offs account for the information obtained about land 
cover types converted to oil palm and land cover trajectories before and after conversion (Table 
3.3). 
 
3.4.1. Spatial trade-offs 
The coarse scale method proved useful for identifying forest conversion to oil palm in extensive 
geographic areas on an annual basis, but at the expense of the minimum size of conversion events 
detected (<50 ha). Our approach was useful for detecting the location of oil palm expansion into 
forest but required higher resolution data to quantify the total forest area converted to oil palm 
annually. In contrast, the fine-scale analysis detected both large and small deforestation events 
and did not require additional satellite sources to estimate converted area. However its 
application for a wall-to-wall assessment over large areas would require large amounts of data 
from both optical and SAR sources and more processing power (Table 3.3). 
 
3.4.2. Temporal trade-offs 
At the coarse-scale, the use of high temporal resolution data from MODIS allowed us to identify 
the exact year of forest conversion to oil palm based on the calculation of intra-annual metrics 
and further integration in the classification algorithm (Fig. 3.3b, Table 3.3). At the fine-scale, the 
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assessment of the year of establishment using data from Landsat TM/ETM+ and ALOS-PALSAR 
was partially contingent on the uncertainty in the prediction of oil palm age in 2010, which in our 
case was equal to ±1.3 years. Our multiannual land cover classification maps using Landsat 
TM/ETM+ data helped to refine the estimation of the year of establishment in areas of direct 
forest conversion to oil palm by identifying the year of deforestation around the predicted time of 
establishment. The prediction of oil palm age at the pixel level tended to underestimate younger 
plantations and overestimate older plantations (Fig. 3.8a). Segmentation and further bias 
correction mitigated this effect (Fig. 3.8b). 
 
3.4.3. Categorical trade-offs 
The coarse scale method was suitable for detecting oil palm expansion into forest only. In our 
study, we estimated the contribution of oil palm expansion to deforestation relative to total 
expansion assuming that no further events than the ones identified through our analysis were 
being implemented in the Amazon. The detection of new plantations using temporal changes is 
advantageous in that it identifies new events of oil palm expansion into forest regardless of land 
cover trajectories after conversion, including abandonment. However the coarse-scale method is 
not suitable for the detection of secondary transitions or indirect conversion, including areas that 
had a transitory cultivation before oil palm establishment or those that lay fallow for a few years 
before establishment (Table 3.3). 
 
The fine-scale analysis provided an estimate of total oil palm expansion, as well as the area of 
forest and other land covers converted to oil palm each year in the focus area. The method 
accounted for some potential delays in establishment after deforestation by considering 
deforestation as those areas that lost forest cover up to three years before or after the predicted 
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time of establishment. One limitation of this approach is that it assumes that areas covered by oil 
palm in 2010 represent total expansion during the whole time period of analysis. Areas of oil 
palm that underwent abandonment or that were converted to other uses before 2010 cannot be 
detected with the fine scale method (Table 3.3). 
 
3.4.4. Comparison with other studies 
To our knowledge, our coarse-scale approach is the first to use time series of optical information 
to map oil palm plantations at a coarse scale. Koh et al. (2011) used individual MODIS scenes for 
oil palm classification based on visual interpretation of unsupervised classification outputs. Their 
method was suitable for detecting closed-canopy plantations older than 8 years with a minimum 
size of 200 ha and required additional data from ALOS-PALSAR to discriminate oil palm from 
other land covers. Our approach used MODIS EVI time series to detect new plantations larger 
than 50 ha but required data from Landsat TM/ETM+ to measure the area expanded. This method 
can be automated after calibration, so it can potentially be used for monitoring forest conversion 
to oil palm in large areas. 
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Table 3.3 Performance of coarse- and fine-scale analyses on different monitoring aspects related to oil palm expansion. 
Monitoring aspect 
Coarse-scale (entire Peruvian 
Amazon) Fine-scale (focus study region) 
Sensor types used for detection MODIS, Landsat TM/ETM+ Landsat TM/ETM+, ALOS-PALSAR 
Spatial trade-offs   
Area coverage 
Suitable for detection over 
extensive regions 
Suitable for small areas. Applicability to large areas is 
contingent to the availability of multiannual wall-to-wall data 
from both SAR and optical satellites and processing power 
Event sizes detected 
Suitable for events larger than 
50 ha Suitable for events larger than 5 ha 
Quantification of the total area 
converted 
Requires additional data from 
higher resolution images Does not require additional data 
Temporal trade-offs   
Assessment of the year of 
conversion 
Identifies the exact year of 
conversion based on intra-
annual EVI metrics 
Predicts the approximate year of expansion based on oil palm 
age at the end of the monitoring period. Suitable for 
plantations older than 2 years. 
Categorical trade-offs   
Land cover types converted 
Limited to the conversion of 
old-growth forest into oil palm 
Identifies total oil palm expansion and conversion by land 
cover types 
Detection of secondary 
transitions/indirect conversion 
Detects direct forest conversion 
to oil palm only Identifies land cover transitions prior to conversion to oil palm  
Detection of temporary 
plantations 
Detection occurs at the time of 
conversion regardless of 
posterior trajectories or 
abandonment 





Our results in the classification of oil palm at the fine scale confirm findings from previous 
studies about the limited ability of optical sensors to discriminate oil palm from other land covers 
(Santos & Messina 2008). In particular, HV backscattering from the radar sensor proved to be 
one of the most important variables for land cover classification (Fig. 3.S7a). The error in our 
identification of oil palm plantations was about half that of previous estimates using data from 
both optical and active sources (Santos & Messina, 2008). Uncertainty in our prediction of oil 
palm age was three times lower than previous attempts (MacMorrow 2001). Differences in 
classification accuracy with other approaches reflect the complementarities between passive and 
active sensors for detecting spectral and structural properties that differentiate oil palm 
plantations from other land covers. In addition, the use of the Random Forests classifier has 
proved to provide better results than traditional supervised classification methods (Waske & 
Braun, 2009; Deschamps et al., 2012; Rodriguez-Galeano et al., 2012). Post-classification 
segmentation also reduced errors by aggregating contiguous pixels with similar ages. 
 
The combination of data from Landsat TM/ETM+ and ALOS-PALSAR could help to reduce 
uncertainty in age classification but our results show that data from ALOS-PALSAR were more 
important for land cover classification than for estimating oil palm age (Fig. 3.S7). Post-
classification aggregation of contiguous pixels with similar age, improved the accuracy in the 
estimation of oil palm age. In particular, aggregation reduced the saturation of the signal in older 
plantations compared to our estimation at the pixel level. Aggregation can also be potentially 
useful for studying other structural properties, such as LAI or biomass that are expected to be 
highly correlated with age but that have been challenging to predict using remote sensing data at 




Total oil palm expansion in the focus area estimated here was larger than our previous estimate 
(Gutierrez-Velez et al., 2011). This difference is likely due to the application of a stratified 
Random Forest classification that we regard as less biased than our previous assessment. Also, 
this classification was performed after re-processing the Landsat TM/ETM+ images to calculate 
ground reflectance using a more sophisticated algorithm. In addition, our estimates of the total 
forest area converted to oil palm using annual information were about half of what would be 
obtained using data from the first and last years of analysis only (Fig. 3.10b). This discrepancy is 
likely explained by forest conversion to other land covers before oil palm establishment. An 
update of our previous analysis with these new results reaffirms our previous conclusions about 
the larger contribution of industrial, high-yield oil palm expansion to deforestation than 
smallholders, low-yield expansion and even suggests that our earlier results may be conservative. 
Our new results highlight the importance of analyzing annual land cover changes for a reliable 
estimation of forest conversion to agriculture. 
 
3.4.5 Considerations for future applications 
 
The implementation of our coarse scale method in an operational fashion would require 
establishing a system for monitoring annual deforestation at the country or regional level such as 
the PRODES project in Brazil (http://www.obt.inpe.br/prodes). MODIS would be used to 
identify areas undergoing forest conversion to oil palm while annual deforestation maps would be 
used to quantify the area associated with each detected conversion event. The implementation of 
the fine scale analysis could be more suitable for areas where oil palm expansion programs are 
underway but is conditioned to the availability of radar data. Oil palm monitoring in those areas 
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would be specifically useful to assess the effectiveness of different incentives to stimulate oil 
palm expansion without undermining forest conservation. 
 
Future application in other areas should consider the role of oil palm management practices such 
as burning or the use of cover crops on classification accuracy. Forest conversion to oil palm 
typically involves the use of fire in Peru as in most tropical areas (Laurance et al., 2010). Burned 
areas have a distinct spectral signature that can play a role on differences in EVI between forests 
and converted areas in our coarse scale analysis (Fig. 3.3a). 
 
Further applications of the coarse scale method should consider also the role of kudzu (Pueraria 
phaseoloides) or other ground covers in the detection of young plantations. Canopy closure in 
plantations with the densities typical of the study region (143-160 trees/ha) begins at around the 
third year after plantation (Gerritsma & Soebagyo, 1999). Before then, the spectral signature 
recorded by the sensors is a mixture of the reflectance from both oil palm and ground cover. 
Kudzu is recommended as crop cover before oil palm establishment and during the initial years 
after plantation in the study region (Raygada-Zambrano, 2005). Our field inspections suggest that 
kudzu is common in areas covered by large-scale plantations. Therefore the presence of kudzu 
can influence the sharp increase in EVI in the years after plantation used in our coarse scale 
analysis (Fig. 3.3a). Our data explorations indicate that plantations younger than 5 years 
associated with kudzu tend to have lower reflectance in the red band than plantations with other 
ground covers, suggesting large EVI values after establishment (Fig. 3.3a). Yet differences in red 
and NIR reflectance were not sufficient to consider this class statistically separable from young 




Kudzu might also play a role on the detection of younger plantations with our fine scale method. 
Ground covers in young smallholder plantations are more heterogeneous and not always 
dominated by a particular species. They include kudzu, imperata grass (Imperata sp.), brachiaria 
(Brachiaria sp.) or mixed herbaceous species. More heterogeneous ground covers in areas 
cultivated by smallholders can explain the lower estimates for oil palm expansion in the years 
2009 and 2010 in the focus area (Fig. 3.10). Lower detection in younger plantations might 
indicate that oil palm trees have still not developed sufficiently to be spectrally and structurally 
different from other land covers. Therefore detection of those young plantations might be 
conditioned to the presence of kudzu. 
 
Accurate detection of the time of conversion for our coarse scale analysis depends on the 
availability of enough reliable pixels distributed along the year to capture forest conversion into 
oil palm with annual and semi-annual metrics. This can be challenging, especially in areas with 
higher cloud persistence. In our analysis we included pixels with marginal reliability to increase 
sample size, especially in the cloudy season. We developed a filter to remove suspicious pixels 
based on previous reports and empirical analyses. The use of decision trees or other classification 
methods to remove unreliable pixels based on temporal spectral changes can improve accuracy in 
future applications. 
 
Future applications of our fine-scale method could compare the performance of our post-
classification aggregation with the results from a pre-classification segmentation and the direct 
prediction of oil palm age for each segment. Pre-classification segmentation can result in a less 
noisy product but is not necessarily more accurate than a pixel based classification (Budreski et 





Oil palm expansion is emerging as an important driver of land cover change in the tropics. 
Methods for detecting land cover conversion to oil palm are essential for ensuring the 
sustainability of oil palm production. Our analysis indicates that satellite data from multiple 
sources are essential for a comprehensive monitoring of the multiple aspects associated with oil 
palm expansion including the location and time of oil palm expansion as well as the area 
converted from different land covers.  
 
The choice of sensors for detecting oil palm in the Peruvian Amazon involves spatial, temporal 
and categorical trade-offs. In terms of spatial tradeoffs, the coarse spatial resolution of MODIS 
facilitates the application of the coarse-scale method to large areas but at the expense of not 
detecting smaller deforestation events. In contrast, the higher spatial resolution with Landsat 
TM/ETM+ and ALOS-PALSAR allows detecting smaller deforestation events but requires more 
storage and processing power to apply it to larger areas. 
 
Temporal trade-offs refer to the ability to detect the timing of conversion. The coarse scale 
method takes advantage of the higher temporal resolution of MODIS to identify the exact year of 
clearance and posterior conversion. In the fine scale analysis, we relied on the ability to predict 
oil palm age by combining Landsat TM/ETM+ and ALOS-PALSAR data to classify annual 
conversion but at a higher temporal uncertainty. Post classification segmentation of oil palm 
pixels proved effective to reduce uncertainty. The application of temporal categorical filters also 
contributed to refine the timing of expansion by adjusting it to the year after the loss of old 




Categorical trade-offs refer to the level of detail in which information about the types land cover 
trajectories can be identified from the application of both methods. In the coarse scale analysis, 
the application was confined to the detection of forest conversion to oil palm while the fine scale 
analysis allowed detection of total expansion and area converted from different land covers. The 
fine-scale method also identified areas that underwent indirect conversion or with transitory land 
covers previous to oil palm establishment. These advantages come at the cost of not detecting oil 
palm plantations that were converted to other land covers before the year of detection in the fine 
scale analysis. In contrast, the coarse scale analysis uses information from the years of expansion 
to detect oil palm, even if those plantations changed to other land covers later. 
 
Feasibility of implementing both methods for monitoring purposes depends among others, on the 
availability of long-term data and products from both passive and active remote sensors. MODIS 
and Landsat TM/ETM+ data are freely available and have been consistently acquired. Most other 
information used for this analysis is also free of charge. Access to radar data is more restricted, 
and therefore can be a limitation for monitoring large areas, particularly in places were both large 
and small-scale plantations are expanding. The continuity of satellite missions such as MODIS, 
Landsat TM/ETM+, and ALOS-PALSAR or analogous satellites are essential for a successful 
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Fig. 3.S2. Illustration of the results obtained from the method to remove marginal or unreliable pixels. a) original data, b) removal of 
unreliable pixels, c) temporal filter. Blue represents the original pixels, red are good and marginal pixels as described in the MODIS 






Fig. 3.S3. Accuracy in the classification of forest/non-forest based on the selection of different 
percentages of tree cover from the VCF product (REF). The highest overall accuracy was 
achieved at a percentage tree cover equal to 59%. Overall accuracy was evaluated using areas 





















a.            b.                 c. 
 
Fig. 3.S4. The creation of RGB composites from Landsat scenes from subsequent years facilitates the visual delineation of forest 
conversion to oil palm in the coarse-scale analysis. a. RGB composite using bands 4, 3, 2 from a Landsat scene in 2006. b. RGB 
composite using bands 4, 3, 2 from a Landsat scene in 2007 c. RGB composite using band 4 from 2006. band 3 from 2006, and band 3 








a.        b. 
 
Fig. 3.S5. RGB composites of the ALOS-PALSAR scene before (a) and after (b) terrain 







Fig. 3.S6. Effective area per land covers used for calibration and validation in the fine scale 
analysis. Effective area resulted from subtracting a 30 m buffer to the land cover polygons 
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Fig. 3.S7. Variable importance in the use of Landsat and ALOS-PALSAR for a) land cover 








Table 3.S1. Detailed list of spatial data sets used in the analysis 
Data set/sensor Format 
Path-row/ 




pixel size Source 
Coarse scale analysis       
Landsat TM Raster 08-066 1999 248 30 m USGS, 2011 
Landsat ETM+ Raster 08-066 2000 291 30 m USGS, 2011 
Landsat ETM+ Raster 08-066 2001 245 30 m USGS, 2011 
Landsat ETM+ Raster 08-066 2002 168 30 m USGS, 2011 
Landsat ETM+ Raster 08-066 2003 283 30 m USGS, 2011 
Landsat ETM+ Raster 08-066 2005 16 30 m USGS, 2011 
Landsat TM Raster 08-066 2006 251 30 m USGS, 2011 
Landsat TM Raster 08-066 2007 30 30 m USGS, 2011 
Landsat TM Raster 08-066 2008 225 30 m USGS, 2011 
Landsat TM Raster 08-066 2008 257 30 m USGS, 2011 
Landsat TM Raster 08-066 2009 243 30 m USGS, 2011 
Landsat TM Raster 08-064 2005 168 30 m INPE, 2011 
Landsat TM Raster 08-064 2006 251 30 m USGS, 2011 
Landsat ETM+ Raster 08-064 2007 214 30 m USGS, 2011 
Landsat ETM+ Raster 08-064 2007 262 30 m USGS, 2011 
Landsat TM Raster 08-064 2008 225 30 m USGS, 2011 
Landsat TM Raster 08-064 2009 323 30 m USGS, 2011 
Landsat TM Raster 08-064 2010 342 30 m INPE, 2011 
Landsat TM Raster 06-066 2000 189 30 m USGS, 2011 
Landsat ETM+ Raster 06-066 2001 215 30 m USGS, 2011 
Landsat TM Raster 06-066 2002 250 30 m USGS, 2011 
Landsat ETM+ Raster 06-066 2003 141 30 m USGS, 2011 
Landsat TM Raster 06-066 2004 216 30 m USGS, 2011 
Landsat TM Raster 06-066 2005 234 30 m USGS, 2011 
Landsat TM Raster 06-066 2006 237 30 m INPE, 2011 
Landsat TM Raster 06-066 2007 272 30 m INPE, 2011 
Landsat TM Raster 06-066 2008 195 30 m USGS, 2011 
Landsat TM Raster 06-066 2008 227 30 m USGS, 2011 
Landsat TM Raster 06-066 2009 181 30 m USGS, 2011 
Landsat TM Raster 06-066 2009 261 30 m USGS, 2011 
Landsat TM Raster 06-066 2010 184 30 m INPE, 2011 
Landsat TM Raster 07-066 2000 244 30 m USGS, 2011 
Landsat TM Raster 07-066 2001 182 30 m INPE, 2011 
Landsat ETM+ Raster 07-066 2003 104 30 m USGS, 2011 
Landsat TM Raster 07-066 2004 131 30 m USGS, 2011 
Landsat TM Raster 07-066 2005 209 30 m USGS, 2011 
Landsat TM Raster 07-066 2006 148 30 m USGS, 2011 
Landsat ETM+ Raster 07-066 2007 255 30 m USGS, 2011 
Landsat ETM+ Raster 07-066 2007 271 30 m USGS, 2011 
Landsat TM Raster 07-066 2008 202 30 m USGS, 2011 
Landsat TM Raster 07-066 2009 284 30 m USGS, 2011 
Landsat TM Raster 07-066 2010 271 30 m INPE, 2011 
Vegetation indices 
(MOD13Q1) Raster h10 v09 2000-2010 001-353 250 m LP-DAAC, 2001 






(MOD13Q1) Raster h11 v09 2000-2010 001-353 250 m LP-DAAC, 2001 
Vegetation indices 
(MOD13Q1) Raster h11 v10 2000-2010 001-353 250 m LP-DAAC, 2001 
Vegetation continuous 
fields (MOD44) Raster h10 v09 2000  250 m LP-DAAC, 2001 
Vegetation continuous 
fields (MOD44) Raster h10 v10 2000  250 m LP-DAAC, 2001 
Vegetation continuous 
fields (MOD44) Raster h11 v09 2000  250 m LP-DAAC, 2001 
Vegetation continuous 
fields (MOD44) Raster h11 v10 2000  250 m LP-DAAC, 2001 
SRTM digital elevation 
model Raster - -  250 m Jarvis et al., 2008 
Amazon basin map Raster - - - 5 min Costa et al., 2003 
Country boundaries of 
Peru Vector - - - - IIAP-GRSM, 2005 
Current land use Vector - 2005 - - IIAP-GRSM, 2005 
Fine scale analysis             
Landsat TM Raster 06-066 2000 189 30 m USGS, 2011 
Landsat TM Raster 06-066 2001 215 30 m USGS, 2011 
Landsat TM Raster 06-066 2002 250 30 m USGS, 2011 
Landsat ETM+ Raster 06-066 2003 141 30 m USGS, 2011 
Landsat TM Raster 06-066 2004 216 30 m USGS, 2011 
Landsat TM Raster 06-066 2005 186 30 m USGS, 2011 
Landsat TM Raster 06-066 2006 221 30 m USGS, 2011 
Landsat ETM++ Raster 06-066 2007 184 30 m USGS, 2011 
Landsat TM Raster 06-066 2008 195 30 m USGS, 2011 
Landsat TM Raster 06-066 2008 227 30 m USGS, 2011 
Landsat TM Raster 06-066 2009 181 30 m USGS, 2011 
Landsat TM Raster 06-066 2010 184 30 m USGS, 2011 
Landsat TM Raster 06-066 2011 203 30 m USGS, 2011 
Landsat TM Raster 07-066 2000 244 30 m USGS, 2011 
Landsat TM Raster 07-066 2001 182 30 m USGS, 2011 
Landsat TM Raster 07-066 2003 4 30 m USGS, 2011 
Landsat ETM+ Raster 07-066 2003 236 30 m USGS, 2011 
Landsat TM Raster 07-066 2004 31 30 m USGS, 2011 
Landsat TM Raster 07-066 2005 209 30 m USGS, 2011 
Landsat TM Raster 07-066 2006 148 30 m USGS, 2011 
Landsat ETM+ Raster 07-066 2007 183 30 m USGS, 2011 
Landsat TM Raster 07-066 2008 202 30 m USGS, 2011 
Landsat TM Raster 07-066 2009 156 30 m USGS, 2011 
Landsat TM Raster 07-066 2010 332 30 m INPE, 2011 
Landsat TM Raster 07-066 2011 226 30 m USGS, 2011 
ALOS-PASAR 
(ALPSRP246677010) Raster 106-7010 2010 254 12.5 m Jaxa, 2006 






Table 3.S2. Disallowed land cover trajectories and temporal filter applied to historical non-oil 
palm maps used in the fine scale analysis 
If class in year 0 is 
and class in 
year -1 is and class in year +1 is then class in year 0 will be 
Clouds Any Equal to class in year -1 Same as class in year -1 
Clouds Short pasture Pasture Pasture 
Clouds Short pasture Fallow Pasture 
Clouds Pasture Fallow Pasture 
Clouds Pasture Short pasture Fallow 
Clouds Fallow Short pasture Fallow 
Clouds Fallow Secondary Fallow 
Clouds Fallow Forest Secondary 
Clouds Secondary Forest Secondary 
Secondary, forest Short pasture Short pasture, pasture Fallow 
Secondary, forest Pasture Short pasture, pasture Fallow 
Secondary, forest Pasture Fallow Fallow 
Secondary, forest Fallow Fallow Fallow 
Forest Fallow Any Secondary 
Forest Secondary Secondary Secondary 
Short, pasture Secondary Forest, secondary Secondary 





Table 3.S3. Spectral separability between oil palm plantations younger than 5 years associated 
with different ground covers. Separability was measured based on the reflectance in the red and 
NIR bands from Landsat in 24 field polygons established in young plantations associated with 
kudzu, grasslands, other herbaceous or mixed vegetation. Separability ranges from 0 to 2. Values 
lower than 1.0 indicate a very low separability (ITT, 2010). 
Statistics from sampled Ground cover 
plantations younger than 5 yr. Kudzu Grass Herbaceous Mixed 
Number of sampled pixels 161 337 178 523 
Number of sampled polygons 7 7 4 6 
Sampled area (ha) 14.49 30.33 16.02 47.07 
Mean TM reflectance (SD)         
-Band 3 (red) 0.024 (0.010) 0.035 (0.008) 0.038 (0.011) 0.033 (0.010) 
-Band 4 (ni) 0.278 (0.101) 0.317 (0.077) 0.346 (0.074) 0.338 (0.067) 
Statistical separability from         
kudzu using bands 3 and 4         
-Jeffries-Matusita  0.0 0.6 0.5 0.4 









Landscape fire is becoming a pervasive driver of environmental change in Amazonia and is 
expected to intensify, given projected reductions in precipitation and forest cover. Understanding 
of the influence of post-deforestation land cover change on fires in Amazonia is limited, even 
though non-forest fires constitute a serious threat for ecosystems, agriculture, and human health. 
We used MODIS satellite data to map burned areas annually between 2001 and 2010. We then 
combined these maps with land cover and climate information to understand the influence of dry 
season severity and land cover change in cleared lands on fire occurrence and spread in a focus 
area in the Peruvian Amazon. Fire occurrence, quantified as the probability of burning of 
individual 232 m MODIS pixels, was modeled as a function of the area of individual land cover 
types within each pixel, drought severity, and distance to roads. Fire spread, quantified as the 
number of pixels burned in 3x3 pixel windows around each focal burned pixel, was modeled as a 
function of land cover area and configuration, dry season severity, and distance to roads. We 
found that vegetation regrowth and oil palm expansion are significantly correlated with fire 
occurrence but that the magnitude and sign of the correlation depend on drought severity, 
successional stage of regrowing vegetation and oil palm age. Burning probability increased with 
the area of pastures, incipient regeneration and young oil palm and decreased with larger extents 




severity had the strongest influence on fire probability overriding the effectiveness of secondary 
forests but not of adult plantations on reducing fire occurrence in severely dry years. Overall, 
irregular and scattered land cover patches reduced fire spread, but in dry years fire spread 
increased in pixels with more irregular and dispersed fallows and secondary forests. Results 
underscore the importance of land cover management for reducing fire risk in the landscape. 
Incentives for promoting natural regeneration and perennial cultivations in cleared lands might 
help reduce fire risk if those areas are protected against burning in early stages of development 
and during severely dry years. 
 
Key words: Burn scar maps; remote sensing; satellite; MODIS; climate change; regrowth; 
secondary forests; oil palm plantations; fire occurrence and spread; landscape configuration; 






Fire is becoming a devastating force in the Amazon and is expected to intensify given projections 
in climate and land cover change (Silvestrini et al. 2010). Fires in wet tropical areas have been 
traditionally associated with slash and burn activities performed by smallholders (Sorrensen 
2004, 2009) and more recently, with large-scale agricultural expansion such as soybean and oil 
palm plantations (Morton et al. 2008, Carlson et al. 2012). Forest conversion to agriculture has 
been demonstrated to reduce the ability of tropical forest areas such as the Amazon to recycle 
water, making them drier (Spracklen et al. 2012) and therefore more prone to fire. Recent studies 
have focused on understanding drivers and impacts of fires in tropical forest areas (Lavorel et al. 
2007, Cochrane and Barber 2009). Fires in tropical cleared lands have received less research 
attention even though they can account for up to 86% of total fire activity in some areas (Lima et 
al. 2012) and can have multiple deleterious ecological, economic, and social impacts, including 
damage to crops and farms, degradation to soils and ecosystems, and respiratory illnesses (Shliski 
et al. 2009). 
 
In this work we use satellite and field data to identify changes in fire activity between 2001 and 
2010 in cleared lands and to understand the influence of changes in land cover composition and 
configuration and drought severity on fire occurrence and spread. The study takes place in a 
landscape undergoing rapid land cover and demographic changes located near the city of 
Pucallpa in the Peruvian Amazon where escaped fires from land preparation and pasture 
management have been identified as a growing problem for local communities and ecosystems 





Previous work on the influence of land cover composition and configuration on fire activity has 
consistently found that landscape homogenization, meaning the prevalence of a few land cover 
types in the landscape, promotes fire occurrence and spread (Lloret et al. 2002, Vega-Garcia and 
Chuvieco 2006, Ryu et al. 2007, Bajocco and Ricota 2008, Viedma et al. 2009, Loepfe et al. 
2010). Results on the influence of specific land cover types on fire incidence have been less 
conclusive. For instance, shrublands have been generally identified as one the most fire prone 
land covers in different areas of the Mediterranean region (Moreira et al. 2001, Lloret et al. 2002, 
Diaz-Delgado et al. 2004, Bajocco and Ricota 2008, Moreno et al. 2011) and in the Peruvian 
Amazon (Uriarte et al. 2012). However, shrublands were found to reduce fire spread in Sardinia 
(Italy) (Bajocco and Riccotta 2008) and had a much lower effect on fire than dense forests in 
Catalonia (Spain) (Loepfe et al. 2010). In contrast to shrublands, cultivated and urban areas have 
been commonly found to be the least flammable land covers in the Mediterranean (Moreira et al. 
2001, Lloret et al. 2002, Bajocco and Ricota 2008, Loepfe et al. 2010). Yet in Western 
Amazonia, fire occurrence correlated positively with the area of croplands (Uriarte et al. 2012). 
Pastures were also positively correlated with fire in Western Amazonia but in central Spain, 
pastures reduced fire spread (Viedma et al. 2009) and had a lower burned area than expected by 
chance (Moreno et al. 2011). Divergences in the role of vegetation types on fire activity can be 
related to other intrinsic characteristics of each system, including precipitation, temperature, 
topography, wind patterns, distance to roads and ignition sources (Diaz-Delgado et al. 2004, 
Quintanilha and Ho 2006, Dlamini et al. 2010). Other factors such as differences in fire use 
between different land uses (such as slash and burn versus perennial or mechanized agriculture) 
and the economic value ascribed to different vegetation types can influence the susceptibility of 





Climate variability has been identified as one of the most relevant variables associated with fire 
probability and spread (Prasad et al. 2008, van der Werf et al 2008, Parisien et al. 2010, Bajocco 
et al. 2010, Archibald et al. 2010, Fernandes et al. 2011, Moreira et al. 2011 Uriarte et al. 2012) 
and might explain spatial and temporal differences in the contribution of different land covers to 
fires. For instance, drought severity can double fire risk in areas predominantly covered by 
agricultural fields in Western Amazonia (Uriarte et al. 2012). Also, spatial climatic variability 
was found to influence the timing of burning of different land covers in Sardinia (Italy) (Bajocco 
et al. 2010).  
 
Previous work has predominantly focused on the relationship between land cover types and fire. 
However, understanding the extent to which fire responds to vegetation development is limited. 
Uhl and Kauffman (1990) combined field measurements and fire simulations to evaluate fire 
susceptibility in plots representing a human induced vegetation sequence in Paragominas 
(Brazil), from forest to logged forests to pastures and then to secondary forests. Simulations 
considered differences in fuel availability, microclimate and rates of fuel moisture loss. They 
found that flammability was not likely in old growth forests, even during prolonged drought but 
that logging made forests flammable even after 5-6 rainless days during much of the dry season. 
Secondary forests were less fire-prone than logged forests, becoming flammable after 8-10 days 
of no rain. Pastures were the most flammable land cover and were susceptible to fire throughout 
most of the dry season. Their work provided important background on the relationship between 
forest cover changes and fire. Yet, empirical evidence of the relative role of changes in the extent 
and spatial arrangement of land covers representing different stages of development on fire 
incidence under different drought conditions is limited. Furthermore, understanding the response 




requires further exploration. This understanding can help to identify and promote landscape 
interventions and implement warning systems to reduce fires and their detrimental consequences 
on ecosystems and societies. 
 
The specific questions that we address here are: 1) how do land covers representing different 
stages of regrowth and oil palm development and their configuration in the landscape influence 
fire occurrence and spread? 2) how does inter-annual drought variability modify the influence of 
the different land covers on fire? 3) can the understanding of the combined effect of land cover 
change and drought severity on fire help to device strategies for reducing landscape flammability 




We mapped burned areas annually and combined the maps with annual data from previous 
studies about land cover and drought severity to model fire occurrence and spread in a focus area 
near the city of Pucallpa (Fig. 4.1). Following is a description of the study area, the methods used 
for burn scar mapping, the other data sets used in the analysis and the approaches for modeling 






Fig. 4.1. Flow diagram representing the methods used for modeling fire occurrence and spread. 
 
4.2.1. Study area 
The study comprises an area of 2158 km2 around the city of Pucallpa (Fig. 4.2, Gutierrez-Velez et 
al. 2011, Gutierrez-Velez and DeFries 2013). This area has experienced one of the fastest socio-
economic and environmental changes in the Peruvian Amazon. The opening of the highway that 
connects Pucallpa with the capital of the country, Lima, in the 1960s and the dense road network 
that emanates from this road, triggered a fast process of immigration, agricultural development, 
and landscape transformation that persists to this day (Uriarte et al. 2012). The area around 
Pucallpa accounted for 64% of total deforestation and forest degradation in the Peruvian Amazon 




implementation of agricultural development projects. Earlier agricultural expansion was related 
to rotational crops, the establishment of pastures, and to a lesser extent perennial cultivations 
(Fujisaka and White 1998). In recent years the study area has experienced a rapid expansion of 
oil palm plantations by both companies and smallholders. Between 2001 and 2010 alone, 121 
km2 of oil palm have been established in the study area, with 91% occurring during the last half 
of the decade (Gutierrez-Velez and DeFries 2013). 
 
Annual precipitation fluctuates between 1500 and 2500 mm, with a main dry season spanning the 
months of June through September and a shorter one from December to January. Annual mean 
temperature is 25 0C and elevation fluctuates between 150 and 250 m. (Barbaran Garcia 2000, 
Fujisaka et al. 2000). The relief is mainly composed by non-flooding, undulating plains and knoll 
hills, with slopes no steeper than 25% (Gutierrez-Velez and DeFries 2013). 
 
Fire represents an increasing problem in the region. In the summer of 2005, several devastating 
wildfires were recorded in Southwestern Amazonia (Brown et al. 2006). The province of Coronel 
Portillo was not an exception where fires caused considerable damage to forests, crops, and 
infrastructure (Gobierno Regional de Ucayali 2006). Fire continues to be an environmental and 
social problem in the region. Large extents are still burned every year, as is frequently reported 






Fig. 4.2. Study area 
 
4.2.2. Burn scar mapping 
Burn scars were mapped in the study area every year between 2001 and 2010 using daily 
reflectance data from MODIS bands 1 (620-670 nm) and 2 (841-876 nm) at 232-meter resolution 
(Table 4.1). Previous studies have demonstrated the suitability of Landsat imagery for mapping 
burn scars in forested areas (Alencar et al. 2011, Morton et al. 2011). The 30 m spatial resolution 
of Landsat multispectral data makes this sensor ideal for a precise detection and quantification of 
the area affected by burning, including small burned areas. However, the lower temporal 
resolution of Landsat combined with high cloud cover in moist tropical regions makes this sensor 
less ideal to detect burn scars, particularly in non-forested lands where the burning signal 
disappears soon after fire due to a quick vegetation re-growth (Fig. 4.S1). Here we used the daily 




season. We also assessed the minimum burn scar size that can be detected reliably with the 
method, given the coarser resolution of MODIS data compared to Landsat. 
 
Table 4.1. Data inputs used for the analysis 














Raster 2000-2011 h10 v09 3884 232 m LP-DAAC, 2001 
Landsat TM Raster 2009, 2010 06-066 8 30 m USGS, 2011 
Landsat TM Raster 2009, 2010 07-066 2 30 m USGS, 2011 
Land cover maps Raster 2001-2010  10 30 m Gutierrez-Velez and DeFries 2013 




Raster 2001-2010   10 0.250 Fernandes et al. 2011 
 
Pre-processing consisted of the removal of bad quality or unreliable pixels using a three-step 
approach. The first step consisted of the elimination of cloudy, mixed, or burning pixels using the 
state quality assurance layer that comes with the MOD09GQ product. In the second step, we 
eliminated pixels with a view angle greater than 40 degrees to avoid BRDF artifacts and a 
reflectance in the blue band greater than 5% to reduce cloud contamination. Finally we applied a 
temporal contextual filter to eliminate unreliable observations that might remain in the database 
following the approach described in Gutierrez-Velez and DeFries (2013). The process consisted 
of the detection and removal of drops or spikes in the time series if the difference in reflectance 
with the closest surrounding observation was greater than 10%. 
 
Prior to classification, we calculated semi-annual metrics to characterize temporal changes in 




pre-fire and fire seasons. The fire season comprised the months of July through November when 
95% of fires occurred on average every year, according to the MODIS active fire product 
(MOD14A1) (Fig. 4.S2). Metrics were calculated with data from MODIS bands 1 and 2 and 
NDVI and consisted of pre-fire mean, fire minimum, and fire minimum minus pre-fire mean 
values. These metrics were incorporated into a decision tree classifier using training field data for 
calibration (Hansen et al. 1996). The tree was trimmed at the second node level to avoid 
overfitting and keep the classification parsimonious (Fig. 4.3b). A post classification sieving 
filter of 3 pixels or less was applied to the final map obtained for each year to reduce speckle and 
other spurious artifacts.  
 
Previous work has shown the potential of MODIS band 5 for burn scar detection (Roy et al. 
2002). This band was not included as input data in our analysis because its lower spatial 
resolution reduces the ability to identify smaller burn scars as it was found in previous work 
(Mohler and Goodin 2012). In addition, the ability to discriminate between burned and unburned 
areas using data from band 5 was low compared to data from band 2 and NDVI (Fig. 4.S3). 
 
Calibration and validation data were obtained from field campaigns during the fire seasons of 
2009 and 2010. Data consisted of field measurement of the perimeter of burned areas with a GPS 
receiver (Table 4.2). Additional training data were obtained by manual delineation of burned and 
unburned areas in Landsat scenes acquired from three dates spread along the fire seasons of 2009 
and 2010 (Tables 4.1, 4.2). Burn scar delineation of the training burn scars was performed by 
combining data from Landsat bands 5, 4, and 3 in a false composite display. This band 
combination made burn scars very conspicuous (Fig. 4.S1) and has proved to be suitable for 





Fig. 4.3. (a) Temporal changes in NDVI in burned and unburned areas in the study area using 
daily MODIS reflectance data. Dots indicate the data used after removing unreliable pixels. A 
moving average interpolation was added to each time series for visualization purposes. (b) 
Decision tree used to classify burned and unburned pixels in the study area. 
 
Validation was assessed as the ability to use the decision tree calibrated in 2010 to map burn 
scars in a different year, using 2009 as the reference. We also used data from the MODIS active 
fire product (MOD14A1) as a benchmark against which improvements in fire mapping were 
compared. Comparison was performed in terms of the overall error and the number of events and 
area detected per size classes by our method and the active fire product using our training data as 
the reference. An event was deemed as detected if the mapped burned area or the active fire 




results with the active fire product because it was the most suitable alternative data source for our 
analysis. Other standard fire products such as the MODIS burned area (Roy et al. 2008), the 
Direct Broadcast Monthly Burned Area Product (Giglio et al. 2009), or the global VGT burnt 
area product (European Commission 2012) were less suitable because they did not registered any 
areas burned in the study area during the period of analysis. The active fire product has also been 
widely used in previous applications for fire modeling (Dlamini 2009, LePage et al. 2010, 
Siljander 2009).  
 
Table 4.2. Calibration and validation data used for burn scar mapping 
Event type Year Sampled area (ha) 
Sampled 
polygons Data type 
Calibration     
Burned 2010 258 28 Field 
Burned 2010 3,095 50 Landsat TM 
Unburned 2010 3,155 67 Landsat TM 
Total calibration  6,508 145  
Validation     
Burned 2009 416 25 Field data 
Burned 2009 4,104 52 Landsat TM 
Unburned 2009 4,649 27 Landsat TM 
Total validation  9,169 104  
Total burned  7,873 155  
Total unburned   7,804 94   
 
4.2.3. Other input data 
 
Land covers 
Land cover classification maps for every year between 2001 and 2010 were obtained from a 
previous study derived from Landsat data and ALOS-PALSAR data (Gutierrez-Velez and 




pastures, pastures, fallow, secondary forests, primary forests and oil palm plantations. Water 
bodies comprise lakes and rivers. Unvegetated lands consist mostly of sand deposits along rivers, 
built and barren areas, and some recently cleared or burned lands. Degraded pastures are mostly 
the result of overgrazing but also include some areas of resprouting herbaceous vegetation after 
recent burnings. Pastures comprise areas with tall herbaceous vegetation, dominated mostly by 
brachiaria (Brachiaria sp.), imperata (Imperata sp.), and mixed native weed species. Pastures 
also include some areas of grasses intermixed with small shrubs. Areas of fallow are dominated 
by bushes and represent early stages of tree succession in contrast to secondary forests, which 
typify more advanced stages of regrowth. Secondary forests consist of tree-dominated fields, 
established in previous cleared lands but with significantly lower stocking than old-growth 
forests (Gutierrez-Velez et al. 2011). Old-growth forests are either areas where the original tree 
vegetation has never been clear-cut but might have been logged or previously cleared lands that 
have reached a forest structure resembling unconverted forests. 
 
Land cover maps representing non-oil palm categories were developed annually using data from 
the satellite sensors Landsat TM/ETM+ with an overall accuracy of 93% (Gutierrez-Velez and 
DeFries 2013). Annual oil palm expansion was mapped based on the classification of oil palm 
plantations by ages and other land covers in 2010 using data from the satellite sensors Landsat 
TM and ALOS-PALSAR. Overall accuracy in the classification of oil palm plantations in 2010 
was 94% and the age of oil palm plantations was predicted with an r2 of 89% and a root mean 
square error of ±1.3. Oil palm plantations every year were further re-classified in three age 
categories as young (1-5 years), adolescent (6-10 years) and adult (>10 years). These categories 
typify different stages of development in terms of canopy closure, ground cover and fruit 




Gutierrez-Velez et al. 2013). Young plantations are characterized by an open canopy and are 
commonly associated with herbaceous ground cover including kudzu (Pueraria phaseoloides), 
and Imperata grass (Imperata brasiliensis). Harvesting is absent or marginal in young plantations. 
Adolescent plantations constitute intermediate stages of canopy closure and weed suppression as 
well as the beginning of fruit production. Adult plantations represent a full canopy closure that 
suppresses most ground cover as well as the peak of fruit production. The final resolution of land 
cover maps was 30 m (Table 4.1). 
 
Distance to roads 
The road layer used for the analysis was developed from a detailed tracking of the road network 
during the field campaigns of 2009 and 2010 with a handheld GPS and complemented with 
visual interpretation of Landsat images for 2010 (Table 4.1). Data include the main road 
connecting the city of Pucallpa to Lima and unpaved secondary roads (Fig. 4.2). 
 
Dry season severity 
Dry season severity was quantified using the Standardized Precipitation Index (SPI) (Fernandes 
et al. 2011). The SPI is the number of standard deviations that the observed cumulative 
precipitation during any given period of interest deviates from the climatological average. We 
used the SPI during the months of July, August, and September (JAS) because it is closely 
correlated with fire activity in the study area (Fernandes et al. 2011, Uriarte et al. 2012). Accurate 
calculation of SPI requires a long-term time series precipitation data. SPI was therefore 
calculated by interpolating precipitation data from gauge stations in Peru and Brazil for the 





4.2.4. Statistical modeling 
We developed Conditional Autoregressive (CAR) models to understand two processes associated 
with fire activity in the study area, fire occurrence and spread (Fig. 4.1, Table 4.3). Fire 
occurrence consisted of the probability of burning for each 232m-resolution-MODIS pixel 
included in the burn scar maps as a function of the proportion of different land covers within the 
pixel, their distance to roads and the corresponding SPI each year (Fig. 4.1). Fire spread consisted 
of the prediction of the number of pixels burned in the vicinity of each burned pixel as a function 
of the area of each land cover and their configuration (McGarigal and Marks 1995), distance to 
roads from the central pixel, and SPI of the central pixel. 
 
Table 4.3. Specification used for modeling fire occurrence and spread 
Model settings Fire occurrence Fire spread 
Response variable Probability of burning per MODIS pixel 
Predicted number of neighbors 
burned around burned pixels 
Response type Binary Count 
Possible response values 0, 1 1 to 9 (total number of pixels in the window) 
Covariates 
% of land covers inside 
MODIS pixels, distance 
to roads, SPI 
Landscape shape index and area 
of land coves around burned 
pixels, distance to roads, SPI 
Covariate type Continuous, standardized Continuous, standardized 
Likelihood model Binomial Poisson 
Unstructured and structured 
random variable Pixel id Pixel id 
Unstructured latent model Random walk of order 2 Random walk of order 2 
Unstructured prior Loggamma Loggamma 
Structured latent model Besag Besag 
Structured prior Loggamma Loggamma 
 
We built two separate models to predict fire spread in a 3x3 window around each burned pixel as 




evaluated the predictors of fire spread at a 3x3 window because the size (48.4 ha) was the closest 
to the median burn size in the study area (59.0 ha). We purposefully did not select a larger 
window size because land cover patches influencing burnings other than the one associated with 
the central pixel, introducing noise to the models. 
 
We selected the Landscape Shape Index (LSI) to measure land cover configuration out of 37 
standard class metrics widely used in the landscape ecology literature (McGarigal and Marks 
1995). LSI is defined as the ratio between the total edge of all patches in each class and the edge 
of a hypothetical square with the same area of all patches. Low LSI values indicate more 
aggregated and regularly shaped patches in a class while large values indicate more irregular and 
disaggregated patches (Fig. 4.S4). The LSI was selected among the other landscape metrics 
following the rationale described by Ruiz-Mirazo et al. (2012). First, we calculated all metrics for 
each land cover (266 variables in total) in the 3x3 window. Then we ranked the 10 most 
important metrics per land cover predicting fire occurrence based on a variable importance 
analysis obtained from a random forest classification (Breinman et al. 2001, Liaw and Wiener 
2002). Finally, we extracted the six most important metrics that were common among all land 
covers (Table 4.S1). We selected the LSI because a pairwise correlation comparison showed that 
it was highly correlated with most other pre-selected metrics except for the Perimeter to Area 
(PA) ratio (Fig. 4.S5). We chose the LSI over the PA ratio because in contrast to the later, it does 
not change with the extent of the landscape or the size of the patches (McGarigal and Marks 
1995). LSI is also advantageous over other metrics because it constitutes an intuitive measure of 





Fire occurrence and spread were modeled under a Bayesian hierarchical framework using the 
Integrated Nested Laplace approximation (INLA) (Rue et al. 2009). INLA is a novel statistical 
inference method for latent Gaussian Markov random field models (GMRF). GMRF models are 
hierarchical models comprised by three overall stages of observations and parameters. The first 
stage consists of the construction of a distributional assumption of the observations, which are 
usually regarded as conditional given some latent parameters. In the second stage, the latent 
parameters are considered as part of a larger random field, which is modeled as a function of 
some hyperparameters. The final stage consists of a prior distribution of the hyperparameters 
(Martino and Rue 2010). INLA constitutes a fast and robust alternative to standard methods for 
GMRF models such as Markov Chain Monte Carlo, making it more suitable for fitting spatio-
temporal models involving large datasets such as the one used in this analysis. Fire occurrence 
was modeled assuming a binomial distribution of the response while fire spread was modeled 
assuming a Poisson distribution (Table 4.3).  
 
Covariates were standardized by centering the data around zero and dividing them by twice the 
standard deviation in order to facilitate comparison between estimated parameters (Gelman and 
Hill 2007). To avoid colinearity between predictors, we identified variables with |r| !0.40. Area 
in forests was expectedly highly correlated with area of fallow and pastures. Although area of 
forests had the highest absolute correlation with fire occurrence among all land covers (Table 
4.S2), we discarded this land cover because our main purpose was to understand the influence of 
post-deforestation land covers on fire occurrence and spread. In the fire spread model, we also 
found high collinearity between pastures and secondary forests (Table 4.S3). Therefore we fitted 
two models excluding either pastures or secondary forests and selected the one that performed the 




evaluate whether the inclusion of roads as a covariate, both alone and interacting with SPI 
improved the performance of each model. 
 
The models included synergistic interactions between SPI and other covariates because our 
exploratory analyses indicated that the response of fire to some variables was different in wet and 
dry years. Interactions between climate with young and adolescent oil palm plantations were 
excluded because of the low extent of these land covers in early years of the analysis. Most of the 
oil palm expansion occurred since 2006 when 91% of the new plantations were established 
(Gutierrez-Velez and DeFries 2013). Therefore, most data on area of young and adolescent 
plantations do not cover the full range of SPI values, including the wettest and driest years (2002 
and 2005 respectively) so they were considered not suitable to assess reliably the effect of their 
interactions with drought severity. 
 
Pixel identity was included as a random effect in the model. To account for spatial 
autocorrelation, we conditioned the predictions on neighboring pixels assuming a Besag model 
(Besag et al. 1991) while for temporal autocorrelation we assumed an independent random noise 
model (Table 4.3). We selected weak or uninformative priors for the random effects. 
 
Predictive measures for model evaluation consisted of the Deviance Information Criterion (DIC) 
(Spiegelhalter et al. 2002) and the logarithmic score (Gneiting and Rafteri 2007). DIC is a 
measure of the overall fit and complexity of a model while the logarithmic score measures their 
predictive value. Lower DIC values and logarithmic scores indicate a better model. INLA does 
not contain a prediction function because predictions are part of the modeling fitting process. 




predictions to evaluate model accuracy based on the calculation of the coefficient of 
determination for the independent sampled data. We also calculated the p-value of the parameters 
to assess the level of significance of the covariates in their correlation with the response 
variables. All the analyses were performed in the R statistical program, version 2.15.2 (R 




4.3.1. Burn scar mapping 
Total annual burned area was very variable over the time period of the study, ranging from 24 
km2 in 2004 to 748 km2 in 2005 (Fig. 4.4). The annual burn scar maps resulted in an overall error 
of 16%. This error was 2.6 times smaller than the one obtained using the MODIS active fire 
product (Fig. 4.5). Total area and number of burning events detected by size classes were 
consistently higher than the results from the active fires product (Fig. 4.6). The product was 
suitable for mapping burn scars bigger than 10 ha with 84% of the area and 89% of the events 









Fig. 4.5. Omission, commission and overall errors in the detection of burned areas using the 






Fig. 4.6. Detection of burn scars of different sizes with the active fire product (left) and the maps 
developed here (right) in terms of number of events (top) and area (bottom). 
 
4.3.2. Fire occurrence 
SPI was the most important variable predicting fire occurrence, increasing the probability of 
burning during drier years (Fig. 4.7a). All variables correlated significantly with fire occurrence 
except for medium-aged oil palm and the interactions between adult plantation and SPI (Fig. 
4.7a). Area of secondary forests was the land cover variable with the strongest negative 
correlation with fire occurrence while area of pastures, fallow, and young oil palm plantations 




followed a negative trend. Young plantations were positively correlated with fire occurrence, 
adolescent plantations did not exhibit a significant correlation while adult plantations exhibited a 
negative correlation. All interactions between SPI and land cover area resulted in a negative 
correlation with fire, showing that more intense dry seasons increased the probability of burning 
regardless of the stage of vegetation regrowth. Interactions also followed a negative trend. 
Degraded pastures had the lowest negative correlation with fire occurrence, followed by pastures 
and fallows while secondary forests represented the strongest negative correlation (Fig. 4.7a). 
Since negative SPI values represent dryer years this trend shows that during dryer years, fire 
occurrence is more likely as the area of land covers representing more advanced stages of 
regrowth increases. The inclusion of roads in the fire occurrence model did not improve model 
performance and was discarded in the final model (Table 4.4).  
 
Table 4.4. Comparison for all models fitted to predict fire occurrence and spread 
Model DIC  Logarithmic score 
Fire occurrence with roads 213,604 0.24688 
Fire occurrence without roads* 213,600 0.24688 
Fire spread vs configuration with roads 187,787 2.05801 
Fire spread vs configuration without roads* 187,786 2.05800 
Fire spread vs area no sec with roads* 187,525 2.05592 
Fire spread vs area no sec without roads 187,526 2.05591 
Fire spread vs area no past with roads 187,613 2.05645 
Fire spread vs area no past without roads 187,733 2.05773 







Fig. 4.7. Standardized regression coefficients and SD for a) fire occurrence (r2=0.22) and fire 
spread as a function of b) the Landscape Shape Index (r2=0.36), and c) the area of each land 
cover in a 3x3 window around burned pixels (r2= 0.37). The r2 values were calculated based on 
the simulation of an independent sub-sample corresponding to 10% the size of the datasets. 
Parameter estimates falling inside the shaded areas are correlated with higher fire occurrence (a) 
or spread (b, c). Dotted lines in (a) suggest trends in the correlation of the parameter estimates for 







































































































































































































































































































































































































































































































































































































































































4.3.3. Fire spread 
 
Land cover configuration 
 SPI was the variable most strongly correlated with fire spread (the number of pixels burned in a 
3x3 window around a burn scar), consistent with the results from the fire occurrence model (Fig. 
4.7b). Land covers with irregular and scattered patches (high LSI) (Fig. 4.S4) reduced fire spread 
for most land covers except for fallow and young plantations that exhibited a non-significant 
correlation. Interactions between drought severity and LSI resulted in a significant negative 
correlation with fire spread for fallow and secondary forests while adult oil palm had a weak 
positive correlation (Fig. 4.7b). Negative correlations with interacting terms mean that more 
disaggregated patches of fallow and secondary forests are associated with more fire spread during 
dry years while more disaggregated patches of adult plantations are associated with less fire 
spread (Fig. 4.7b). Interactions between drought and degraded pastures and pastures were 
insignificantly correlated with fire spread. Similarly to the fire occurrence model, the inclusion of 
distance to roads as a covariate did not improve model performance (Table 4.4).  
 
Land cover area 
The fire spread model excluding the area of secondary forests performed better than the one that 
excluded the area of pastures (Table 4.4). SPI was again the variable with the strongest 
correlation with fire spread in this model. Distance to roads had a weak positive correlation with 
fire spread while the interaction with SPI resulted in a weak negative correlation. The individual 
correlation of each land cover area with fire spread resembled mostly the results obtained for the 




correlation and adult plantations a negative correlation (Fig. 4.7c). Degraded pastures was the 
only land cover with a non-significantly correlation with fire spread. SPI interactions with 
degraded pastures and pastures were the only land cover-drought synergisms that exhibited a 
significant correlation with fire spread. The positive sign of both correlations shows that a higher 
proportion of degraded pastures and pasture within the 3x3 window was associated with lower 




4.4.1. Burn scar mapping  
The approach developed for mapping burned area provides more accurate data for this study than 
standard fire products. The higher accuracy of our method over the active fire product could be 
explained by the limitation of the active fire product to detect burnings that do not coincide with 
the time of the day when the satellite is passing over the study area. This difference might explain 
why our total burned area estimated for 2005 was more than 3 times larger than previous 
estimates based on active fire products (Gobierno Regional de Ucayali 2006). Our method proved 
to be suitable for burn scars larger than 10 ha in the study area. These results constitute an 
improvement over previous analogous studies mapping burn scars with MODIS data (Table 4.5). 
The results show the potential of applying the burn scar mapping method to tropical areas with 
similar conditions including high cloud cover and strong fire seasonality. However the suitability 
to detect forest areas affected by understory fires should be tested because these burnings were 
uncommon in the study area.  Understory fire is likely to play a larger role in dryer parts of the 











land cover Location Method 
This work 10 None Pucallpa, Ucayali, Peru 
Decission tree classifier 
based on temporal metrics 
Giglio et al. 2007 120 All World Active fire based algorithm 
Quintano et al. 2010 300 Forest Galicia Image mining 
Morton et al. 2011 50 Forest Mato Grosso Burn damage and recovery algorithm 
Mohler and Goodin 






4.4.2. Fire occurrence 
Results from the fire occurrence model showed that land covers representing different stages of 
vegetation regrowth have a significant correlation with fire probability but that the sign of the 
correlation changes with vegetation types (Fig. 4.7a). We speculate that these differences are 
highly influenced by variations between land covers in fuel accumulation and types as well as 
moisture retention. Degraded pastures represent the lowest fuel accumulation among all land 
covers (Fig. 4.S6a). Therefore the negative correlation between the area in degraded pastures and 
fire occurrence might be controlled by fuel scarcity (Fig. 4.7a). In contrast, secondary forests 
represent the highest fuel accumulation among land covers (Fig. 4.S6a) but at the same time had 
the strongest negative correlation with fire occurrence (Fig. 4.7a). We speculate that this negative 
correlation is mostly explained by a higher capacity of secondary forests to retain moisture during 
dry seasons, compared to less developed vegetation. In that regard, Uhl and Kauffman (1990) 
found that secondary forests became flammable after 8-10 days of no rain during the dry season. 
In contrast, pastures were flammable throughout most of the dry season given the higher 




fallows represent the land covers with the highest amount of fine fuels in our study area. This 
likely explains their positive correlation with fire occurrence (Fig. 4.7a). 
 
Interactions between land covers representing different stages of regrowth and SPI were 
negatively associated with fire occurrence (Fig. 4.7a). Furthermore, the parameter estimate for 
the interactions between area of land covers and SPI followed a negative trend in their 
relationship with fire occurrence. Short pastures exhibited the lowest magnitude in their 
parameter estimate, followed by pastures and fallow and finally by secondary forests, with the 
strongest negative correlation with fire occurrence (Fig. 4.7a). This trend is in line with our 
previous assumption about the role of moisture retention in different land covers on their 
relationship with fire occurrence: as drought becomes more severe, land covers with greater 
amount of fuels become dry enough to burn, increasing the probability of fire occurrence (Fig. 
4.6S). 
 
The correlation between oil palm plantations by ages and fire occurrence exhibited also a 
negative trend (Fig. 4.7a). Young plantations had a significant positive correlation with fire 
probability, adolescent plantations were insignificantly correlated, and old plantations had a 
significant negative correlation. We speculate that this trend is explained by a combination of 
physical factors as well as differences in management intensity. Physical factors relate to changes 
in canopy closure and ground cover over time. The onset of canopy closure, defined as the age of 
maximum growth rate in leaf area index, begins at around the 5th year in oil palm plantations with 
a tree density typical of the region (143-160 tree/ha) (Gerritsma and Soebagyo 1999). An open 
canopy in young plantations imply a lower capacity to retain moisture over shorter dry periods, 




flammable herbaceous vegetation such as kudzu (Pueraria phaseoloides), brachiaria (Brachiaria 
sp.) and Imperata (Imperata brasilienis) (Gutierrez-Velez and DeFries 2013) that increase the 
susceptibility of these land covers to burn. Complete canopy closure, defined as the age when 
canopy closure levels off, occurs at around the 9-10 year after establishment (Gerritsma and 
Soebagyo 1999). A closed canopy implies higher moisture retention as well as the suppression of 
ground vegetation, reducing fire susceptibility.  
 
Regarding management intensity, adult plantations require permanent fruit harvesting. In 
contrast, management labors in young plantations are more sporadic, usually consisting of 
weeding and fertilizing about every 2 months (Bruinsma 2009). We assume that frequent human 
presence in adult plantations can allow owners to detect and control surrounding fires more 
timely. Higher perceived value and more permanent human presence in adult plantations might 
also explain why a greater area in adult oil palm plantations did not make the land more 
susceptible to fires during dry years while a greater area in secondary forests did, as suggested by 
their interactive terms with SPI in the fire occurrence model (Fig. 4.7a). 
 
4.4.3 Fire spread 
 
Landscape configuration  
In general, land cover complexity, indicated by high LSI values, was negatively correlated with 
fire spread, except for fallow, with an insignificant correlation and young oil palm plantations 
with a weak positive correlation (Fig. 4.7b). These results are in line with previous studies 
showing that local landscape homogeneity increases fire probability and spread while fire spread 




firebreaks (Vega Garcia and Chuvieco 2006, Viedma et al. 2009, Moreira et al 2011). In our case, 
patches of short pastures, secondary forests and adult oil palm plantations seem to act as 
discontinuities between large blocks of non-degraded pastures and fallow, inhibiting fire spread. 
In contrast, more homogeneous or aggregated fragments of pastures might increase fire spread 
because they can propagate fire in any direction without other land covers acting as fire break to 
reduce fire propagation. Configuration of secondary forests and adult plantations had the most 
negative correlation with fire spread among land covers. Therefore elongated patches of these 
land covers seem to be the most effective on reducing fire proliferation among all vegetation 
types. 
 
Interactions between LSI and fire spread were significant for fallow and secondary forests. A 
negative sign for the interaction term in these land covers suggests that more irregular patches in 
these land covers facilitate fire spread during drier years. In contrast, a weak positive correlation 
between fire spread and the interaction between adult oil palm and SPI suggest that irregular 
adult plantations reduce fire spread even during dry years. Insignificant correlations between fire 
spread and the interactions between SPI and degraded pastures and pastures suggest that the 
influence of the shape of these land cover types on fire spread is not mediated by drought (Fig. 
4.7b). 
 
Land cover area 
Fire spread was positively correlated with the area of fallow, pastures, and young plantations 
while the correlation was negative with area of adult plantations (Fig. 4.7c). These results are 
consistent with our findings in the fire occurrence model (Fig. 4.7a). The exception was the 




was associated with lower fire spread during dry years (Fig. 4.7c). An explanation for this result 
seems elusive. Dryer condition would be expected to increase fire spread by pastures given the 
high flammability of this land cover. We speculatively attribute this result in part to differences in 
the timing at which different land covers become flammable in wet and dry years. Since pastures 
dry fast, they will be responsible for most fire spread over wet years because most other land 
covers are too wet to burn. During dry years, pastures dry quickly so they might tend to burn 
early in the dry season, before other land covers do. This will result in a reduced fuel load in 
these areas later, when the other land covers lose moisture and become flammable. A reduction in 
fuel load in recently burned pastures can make them act as fire-breaks later during intense 
droughts. Alternatively, tree dominated vegetation can spread fire more effectively than pastures 
during dry years because they have a higher vertical surface and fuel loads, that make them more 
prone to fast moving crown fires (Saatchi et al. 2007, Cochrane and Ryan 2009). A conclusive 
understanding of this result requires a comprehensive analysis of fire behavior in tropical mosaic 
landscapes, in particular in the interface between different land covers as well as changes in fuel 
and microclimate properties in vegetation types representing different stages of regrowth. 
 
4.4.4. Distance to roads 
Distance to roads had a non-significant correlation with fire occurrence (Fig. 4.7a). This result 
contrasts with previous studies identifying distance to roads as one of the main drivers of fire, 
especially in tropical areas where the main sources of ignition are humans (Silvestrini et al. 2011, 
Uriarte et al. 2012). The reviewed works have been performed at considerably larger scales, 
including only distance to main roads. In contrast, the input road data used for this analysis 
included a highly dense road network composed mostly by unpaved roads (Fig. 4.2). High road 




no important differences in their exposure to ignition sources. Similar results were reported by 
Moreira et al. (2010) in Portugal who found that distance to roads was less important for 
explaining fire ignitions than population density and land cover types. 
 
Roads did not play a significant role on fire spread in the immediate vicinity of burned pixels, 
except for their moderately negative correlation when interacting with SPI in the fire spread 
model vs. land cover area (Fig. 4.7c). This weak correlation, suggests that fire spread is slightly 
more likely in areas away from roads during dry years. This result is in line with a previous study 
by Moreira et al. (2010) showing that larger burns were more likely to occur in ignitions further 
away from roads. Other studies have suggested that roads reduce fire spread because they can act 
as fire breaks (Cochrane and Ryan 2009), which might be the case for large fires occurring in the 
study area during dry years. 
 
4.4.5. Implications for land cover management to reduce landscape flammability 
Our results suggest that the promotion of forest regrowth and the establishment of oil palm 
plantations can be effective at reducing fire occurrence and spread when they develop beyond 
initial stages of growth (Fig. 4.7). Drought severity can undermine the ability of secondary 
forests to reduce fire while the influence of adult plantations on fire occurrence and spread seems 
not to be affected significantly by drought conditions. The implementation of early warning 
systems along with mechanisms to reduce and control fire, especially in regrowing forests and 
young oil palm plantations are essential for implementing land cover strategies to reduce 
landscape flammability. Fire prevention programs in other areas have reduced the number of fires 
but increased the percentage of large burnings (Diaz-Delgado et al. 2004). Therefore, secondary 





We speculate that differences in the response of fire to area of secondary forests versus adult 
plantations have to do with a higher perceived value of oil palm cultivations among owners as 
well as a higher human presence after plantations reach a productive age, enabling timely 
mechanisms to protect crops against fire. Secondary forests are usually perceived as areas with 
low economic value and therefore farmers can be less effective at preventing them from burning 
when nearby fires are threatening (Sorrensen 2000). Strategies to increase the perceived value of 
secondary forests might enhance the effectiveness of these land covers at reducing landscape 
flammability, especially during dry years. We speculate that if farmers increase benefits from 
secondary forests, then they will better protect these areas, increasing the effectiveness of 
secondary forests at reducing fire risk. An increased value over secondary forests can be achieved 
through the enrichment with fruit or timber trees. This practice is common among native 
Amazonians (Pinedo-Vasquez et al. 2002, Padoch et al. 2008) but might not as widespread 
among the increasing migrant population arriving to the region. Other incentives could come 
from the payment for ecosystem services such as carbon sequestration, water regulation or habitat 
restoration. In particular, incentives under the UNFCCC’s REDD scheme or voluntary carbon 
markets could serve for the dual purpose of mitigating climate and reducing fire risk. These 
incentives could serve to protect regenerating forests in early stages of succession, which seem to 
be more fire prone.  
 
Our results suggest also that in order to reduce landscape flammability, irregular and 
disaggregated patches should be implemented for most land covers (Fig. 4.7b). However intense 




and shrublands to fire and therefore they should be specially monitored during drier years to 
reduce fire spread. 
 
Adult plantations seem to be particularly effective at reducing landscape flammability, especially 
if they are implemented in irregular fragments in already cleared lands. The viability of doing so 
in the study area seems to be high given that it is a common practice among smallholders in the 
region to cultivate oil palm following elongated shapes along access roads (Gutierrez-Velez et al. 
2011, Gutierrez-Velez and DeFries 2013). However oil palm plantations also tend to become 
clustered in the landscape over time due to the requirement to be located near processing 
facilities. This aggregation can undermine the effectiveness of plantations to reduce fire spread. 
Promoting exclusion zones between oil palm crops could reduce landscape flammability but their 
implementation should consider economic feasibility among other considerations.  
 
In contrast to smallholders, most large-scale oil palm plantations are expanding into forests in the 
study area following more regular patterns (Gutierrez-Velez et al. 2011). Therefore they seem not 
be as effective in reducing fire in the study area. In order for oil palm plantations to be effective 
in reducing fire occurrence and spread, they should be established in already cleared lands, 
especially if they replace highly flammable land covers such as pastures as opposed to fire 
resistant land covers such as old growth forests. The success of oil palm plantations to reduce fire 
would depend on the implementation of measures to protect cultivations during the initial stages 
of development because young plantations were found to be positively correlated with fire 
occurrence and spread. Weed control in young oil palm plantations might also reduce fire risk but 







This work contributes to the understanding of the extent to which land covers representing 
different stages of vegetation development and their interaction with drought severity influence 
fire occurrence and spread. We found that the area and configuration of different land covers can 
have a significant influence on fire occurrence and spread but that the relationship is highly 
mediated by drought severity. Drought severity increased the likelihood of fire as the area of land 
covers representing more developed stages of regrowth increased. We speculatively ascribed the 
results to variations in fuel accumulation and the ability to retain moisture by different land 
covers during the dry season.  
We also found a trend in the correlation between the area of oil palm plantations in different age 
classes and fire occurrence showing that young plantations increase fire probability but that as 
plantations get older, the relationship becomes the opposite. We speculate that this pattern is 
related to changes in the amount of ground vegetation and moisture retention as plantations 
become older as well as a higher human presence in adult plantations for fruit harvesting that 
facilitate a timely detection and control of threatening surrounding fires. 
 
Our results suggest that adult oil palm plantations are more effective at reducing fire occurrence 
and spread than secondary vegetation, specially during dry years. Differences could be explained 
by a higher perceived value of oil palm plantations by local people. If that is the case, increasing 
the perceived value of secondary forests might enhance the effectiveness of this land cover at 
reducing fire over dry years. The enrichment of secondary forests with timber or fruit trees or the 





In general, the promotion of large areas of secondary forests and adult oil palm plantations in 
cleared lands seem to be effective to reduce fire occurrence and spread. These land covers will be 
effective at reducing fire only if they are expanded outside of forests. Establishing secondary 
forests and oil palm plantations in interspersed and elongated shapes could maximize their ability 
to act as firebreaks. Because young plantations are susceptible to fire, protection during the initial 
stages of development would be needed to develop an effective firebreak from adult plantations. 
Secondary forests would require special monitoring during severe droughts because they are 
susceptible to fire during those years. 
 
A definite understanding of the mechanisms explaining differences in the correlation between 
different land covers and fire requires a detailed analysis of changes in biophysical and 
management factors associated with vegetation regrowth and oil palm plantations. Further work 
should evaluate spatial and temporal variations of fuel properties, moisture retention and 
management among other variables associated with different land cover types. The understanding 
of the relative influence of different mechanisms associated with the relationship between land 
cover changes and fire could help to reliably anticipate the effectiveness of land management 
strategies to reduce landscape flammability. 
 
Cleared lands cover vast areas in the Amazon. These areas constitute a challenge but also an 
opportunity to overcome the increasing incidence of fires and other environmental threats. The 
results of this work show that land cover management in cleared lands could potentially serve to 
reduce fire risk and simultaneously provide food and ecosystem services such as water 
regulation, habitat improvement and carbon sequestration. The success of these strategies will 




crops such as oil palm plantations in cleared lands and implementing early warning and other fire 
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Fig. 4.S2. Average number of active fires registered per month between 2001 and 2010 by the 






Fig. 4.S3. Ability of MODIS bands to discriminate burned and unburned areas using two 
measures of class separability: Jeffries Matusita and Transformed divergence. Low values 








Fig. 4.S4. Landscape shape index for a) aggregated (LSI= 2.0) and b) disaggregated (LSI= 11.3) 







Fig. 4.S5. Pairwise correlation between landscape shape index and other metrics in 3x3 windows 
around burned pixels. Max FD: maximum fractal dimension index; ED: edge density; P/A: mean 







Fig. 4.S6. Amount of aboveground fuels in the land covers representing different stages of 
regrowth represented as a) total fuels b) fuels in standing trees, c) dead fuels, d) live fuels in non-
woody vegetation. Amount of above ground live fuels was calculated from field measurements of 
trees in concentric circular plots. We used 400 or 500 m2 plots to measure trees with a dbh larger 
than 10 cm, 100 m2 plots for trees between 2.5 and 10 cm dbh and 30 m2 plots for trees between 
1.5 and 2. cm dbh. Dbh values were converted to tree biomass using the equation from Sierra et 
al. (2007)1. Non-woody fuels and dead fuels for degraded pastures, pastures, and fallows were 
collected separately in three square pots of 0.25 m2 located at the edge of the largest plot with an 
angle of 0, 120 and 2400 from the plot center with respect to the North. Dry weight was 
calculated based on oven dried samples at 600C until constant temperature. Non-woody fuels and 
dead fuels for secondary forests were estimated as 2, and 16% of aboveground tree biomass 
respectively based on Sierra et al. (2007)1. 
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Table 4.S1. Landscape metrics ranked by their importance for different land covers near Pucallpa based on the outputs of a random 
forest classifier. 
Short Grass Regrowth Secondary forest Young plantations Adult plantations 
mean.frac.dim.index mean.perim.area.ratio sd.perim.area.ratio mean.frac.dim.index aggregation.index aggregation.index 
mean.perim.area.ratio mean.frac.dim.index mean.perim.area.ratio mean.perim.area.ratio min.frac.dim.index mean.frac.dim.index 
max.frac.dim.index sd.perim.area.ratio mean.frac.dim.index sd.perim.area.ratio max.frac.dim.index min.frac.dim.index 
aggregation.index max.frac.dim.index sd.frac.dim.index sd.frac.dim.index mean.frac.dim.index max.frac.dim.index 
landscape.shape.index sd.frac.dim.index mean.shape.index max.frac.dim.index landscape.shape.index edge.density 
edge.density mean.shape.index max.frac.dim.index landscape.shape.index mean.shape.index landscape.shape.index 
patch.cohesion.index landscape.shape.index edge.density edge.density mean.perim.area.ratio mean.perim.area.ratio 
perimeter.area.frac.dim edge.density sd.shape.index mean.shape.index perimeter.area.frac.dim max.perim.area.ratio 
mean.shape.index aggregation.index min.perim.area.ratio aggregation.index min.perim.area.ratio mean.shape.index 






Table 4.S2. Pairwise correlation between initial variables considered for the fire occurrence model 







Burn 1.00 0.02 0.13 0.09 -0.08 -0.15 0.02 -0.01 -0.02 -0.02 
Short 0.02 1.00 0.11 -0.14 -0.21 -0.22 -0.04 -0.01 -0.03 -0.16 
Grass 0.13 0.11 1.00 -0.02 -0.38 -0.47 -0.09 -0.03 -0.06 -0.16 
Regrowth 0.09 -0.14 -0.02 1.00 -0.08 -0.44 -0.06 -0.02 -0.05 -0.08 
Secondary -0.08 -0.21 -0.38 -0.08 1.00 -0.21 -0.10 -0.02 -0.05 0.02 
Forest -0.15 -0.22 -0.47 -0.44 -0.21 1.00 -0.13 -0.04 -0.08 0.29 
Yound palm 0.02 -0.04 -0.09 -0.06 -0.10 -0.13 1.00 0.03 0.06 -0.12 
Adolescent palm -0.01 -0.01 -0.03 -0.02 -0.02 -0.04 0.03 1.00 0.02 -0.04 
Adult palm -0.02 -0.03 -0.06 -0.05 -0.05 -0.08 0.06 0.02 1.00 -0.10 
Dist. to roads -0.02 -0.16 -0.16 -0.08 0.02 0.29 -0.12 -0.04 -0.10 1.00 
SPI -0.27 -0.01 -0.01 -0.06 0.04 0.04 -0.03 0.00 0.01 -0.02 
Short x SPI -0.02 -0.05 0.00 0.02 0.00 0.00 0.01 0.00 0.00 0.01 
Grass x SPI -0.05 0.01 -0.02 0.03 0.00 -0.02 0.02 0.00 0.00 0.00 
Regrowth x SPI -0.08 0.02 0.03 -0.07 0.01 0.00 0.02 0.00 0.00 0.01 
Secondary x SPI 0.00 0.00 0.00 0.01 0.03 -0.03 0.01 0.00 -0.01 0.02 
Forest x SPI 0.09 0.00 -0.02 0.00 -0.03 0.03 0.01 0.00 -0.01 -0.03 
Young palm x SPI 0.05 0.02 0.03 0.03 0.01 0.02 -0.23 0.00 -0.02 0.03 
Adolescent palm x 
SPI 0.05 0.01 0.01 0.01 0.00 0.00 0.00 -0.20 0.00 0.01 
Adult palm x SPI 0.01 0.00 0.00 0.00 -0.01 -0.01 -0.01 0.00 0.07 -0.01 





Table 4.S2. Continuation 






















Burn -0.27 -0.02 -0.05 -0.08 0.00 0.09 0.05 0.05 0.01 0.03 
Short -0.01 -0.05 0.01 0.02 0.00 0.00 0.02 0.01 0.00 0.02 
Grass -0.01 0.00 -0.02 0.03 0.00 -0.02 0.03 0.01 0.00 0.00 
Regrowth -0.06 0.02 0.03 -0.07 0.01 0.00 0.03 0.01 0.00 0.01 
Secondary 0.04 0.00 0.00 0.01 0.03 -0.03 0.01 0.00 -0.01 0.02 
Forest 0.04 0.00 -0.02 0.00 -0.03 0.03 0.02 0.00 -0.01 -0.03 
Yound palm -0.03 0.01 0.02 0.02 0.01 0.01 -0.23 0.00 -0.01 0.02 
Adolescent palm 0.00 0.00 0.00 0.00 0.00 0.00 0.00 -0.20 0.00 0.00 
Adult palm 0.01 0.00 0.00 0.00 -0.01 -0.01 -0.02 0.00 0.07 -0.01 
Dist. to roads -0.02 0.01 0.00 0.01 0.02 -0.03 0.03 0.01 -0.01 -0.02 
SPI 1.00 0.04 0.00 -0.01 -0.01 0.01 -0.20 -0.17 0.00 -0.02 
Short x SPI 0.04 1.00 0.12 -0.15 -0.22 -0.24 -0.04 -0.01 -0.03 -0.16 
Grass x SPI 0.00 0.12 1.00 -0.02 -0.39 -0.48 -0.06 -0.01 -0.05 -0.17 
Regrowth x SPI -0.01 -0.15 -0.02 1.00 -0.07 -0.45 -0.04 0.00 -0.04 -0.09 
Secondary x SPI -0.01 -0.22 -0.39 -0.07 1.00 -0.21 -0.05 0.00 -0.04 0.00 
Forest x SPI 0.01 -0.24 -0.48 -0.45 -0.21 1.00 -0.08 -0.01 -0.08 0.30 
Young palm x SPI -0.20 -0.04 -0.06 -0.04 -0.05 -0.08 1.00 0.05 0.05 -0.06 
Adolescent palm x 
SPI -0.17 -0.01 -0.01 0.00 0.00 -0.01 0.05 1.00 0.00 -0.01 
Adult palm x SPI 0.00 -0.03 -0.05 -0.04 -0.04 -0.08 0.05 0.00 1.00 -0.10 





Table 4.S3. Pairwise correlation between initial variables considered for the land cover area vs. fire spread model 
Land cover Burn Short Grass Regrowth Secondary Young palm Adult palm Dist. to roads 
Burn 1.00 -0.03 0.06 0.10 -0.04 0.04 -0.18 0.02 
Short -0.03 1.00 0.02 -0.35 -0.26 -0.16 -0.10 -0.09 
Grass 0.06 0.02 1.00 -0.23 -0.49 -0.31 -0.18 -0.03 
Regrowth 0.10 -0.35 -0.23 1.00 0.02 -0.27 -0.15 0.03 
Secondary -0.04 -0.26 -0.49 0.02 1.00 -0.20 -0.08 0.04 
Yound palm 0.04 -0.16 -0.31 -0.27 -0.20 1.00 -0.08 -0.08 
Adult palm -0.18 -0.10 -0.18 -0.15 -0.08 -0.08 1.00 -0.23 
Dist. to roads 0.02 -0.09 -0.03 0.03 0.04 -0.08 -0.23 1.00 
SPI -0.36 -0.02 0.16 -0.02 -0.11 0.11 -0.01 0.01 
Short x SPI 0.01 -0.01 -0.05 0.00 0.04 -0.11 0.02 0.01 
Grass x SPI 0.12 -0.05 0.15 -0.07 0.04 -0.20 0.00 0.03 
Regrowth x SPI -0.01 0.00 -0.06 0.03 0.00 -0.10 0.02 0.03 
Secondary x SPI -0.09 0.03 0.03 0.01 -0.15 -0.05 0.02 0.03 
Young palm x 
SPI 0.11 -0.09 -0.19 -0.10 -0.04 0.47 0.04 -0.08 
Adult palm x SPI 0.06 0.02 -0.01 0.02 0.02 0.04 -0.16 0.06 
Dist. to roads x 






Table 4.S3. Continuation 










palm x SPI 
Adult 




Burn -0.36 0.01 0.12 -0.01 -0.09 0.11 0.06 -0.02 
Short -0.02 -0.01 -0.05 0.00 0.03 -0.09 0.02 0.01 
Grass 0.16 -0.05 0.15 -0.06 0.03 -0.19 -0.01 0.02 
Regrowth -0.02 0.00 -0.07 0.03 0.01 -0.10 0.02 0.03 
Secondary -0.11 0.04 0.04 0.00 -0.15 -0.04 0.02 0.03 
Yound palm 0.11 -0.11 -0.20 -0.10 -0.05 0.47 0.04 -0.10 
Adult palm -0.01 0.02 0.00 0.02 0.02 0.04 -0.16 0.05 
Dist. to roads 0.01 0.01 0.03 0.03 0.03 -0.08 0.06 0.00 
SPI 1.00 0.04 -0.11 -0.04 0.09 -0.20 0.03 0.01 
Short x SPI 0.04 1.00 0.08 -0.34 -0.27 -0.05 -0.14 -0.09 
Grass x SPI -0.11 0.08 1.00 -0.18 -0.52 -0.13 -0.15 -0.06 
Regrowth x SPI -0.04 -0.34 -0.18 1.00 0.04 -0.25 -0.16 0.01 
Secondary x SPI 0.09 -0.27 -0.52 0.04 1.00 -0.21 -0.06 0.03 
Young palm x SPI -0.20 -0.05 -0.13 -0.25 -0.21 1.00 -0.10 0.04 
Adult palm x SPI 0.03 -0.14 -0.15 -0.16 -0.06 -0.10 1.00 -0.20 





Table 4.S4. Pairwise correlation between initial variables considered for the landscape configuration vs. fire spread model 







Burn 1.00 -0.06 -0.06 -0.04 -0.06 0.00 -0.15 0.02 
Short -0.06 1.00 0.35 -0.19 -0.28 -0.02 0.01 -0.16 
Grass -0.06 0.35 1.00 0.31 -0.12 0.09 0.00 -0.15 
Regrowth -0.04 -0.19 0.31 1.00 0.33 0.20 0.00 -0.01 
Secondary -0.06 -0.28 -0.12 0.33 1.00 -0.05 -0.03 0.04 
Yound palm 0.00 -0.02 0.09 0.20 -0.05 1.00 0.09 -0.10 
Adult palm -0.15 0.01 0.00 0.00 -0.03 0.09 1.00 -0.20 
Dist. to roads 0.02 -0.16 -0.15 -0.01 0.04 -0.10 -0.20 1.00 
SPI -0.36 -0.02 -0.03 -0.02 -0.08 0.10 -0.02 0.01 
Short x SPI 0.00 -0.02 -0.05 -0.02 0.03 0.00 0.00 0.03 
Grass x SPI -0.02 -0.05 -0.05 0.03 0.07 0.07 0.00 0.05 
Regrowth x SPI -0.05 -0.02 0.03 0.04 0.04 0.11 -0.02 0.06 
Secondary x SPI -0.07 0.03 0.08 0.05 -0.01 -0.03 0.01 0.01 
Young palm x 
SPI 0.10 0.02 0.08 0.10 -0.04 0.40 -0.02 -0.03 
Adult palm x SPI 0.09 -0.01 0.00 -0.01 0.02 0.01 -0.14 0.06 
Dist. to roads x 





Table 4.S4. Continuation 












palm x SPI 
Distance to 
roads x SPI 
Burn -0.36 0.00 -0.02 -0.05 -0.07 0.10 0.09 -0.02 
Short -0.02 -0.02 -0.05 -0.02 0.03 0.02 -0.01 0.03 
Grass -0.03 -0.05 -0.05 0.03 0.08 0.08 0.00 0.05 
Regrowth -0.02 -0.02 0.03 0.04 0.05 0.10 -0.01 0.06 
Secondary -0.08 0.03 0.07 0.04 -0.01 -0.04 0.02 0.01 
Yound palm 0.10 0.00 0.07 0.11 -0.03 0.40 0.01 -0.06 
Adult palm -0.02 0.00 0.00 -0.02 0.01 -0.02 -0.14 0.06 
Dist. to roads 0.01 0.03 0.05 0.06 0.01 -0.03 0.06 0.00 
SPI 1.00 0.08 0.07 0.01 0.02 -0.19 0.01 0.01 
Short x SPI 0.08 1.00 0.37 -0.19 -0.31 -0.04 -0.02 -0.18 
Grass x SPI 0.07 0.37 1.00 0.29 -0.16 0.06 -0.03 -0.17 
Regrowth x SPI 0.01 -0.19 0.29 1.00 0.34 0.11 0.02 -0.04 
Secondary x SPI 0.02 -0.31 -0.16 0.34 1.00 -0.01 -0.04 0.06 
Young palm x SPI -0.19 -0.04 0.06 0.11 -0.01 1.00 0.17 -0.03 
Adult palm x SPI 0.01 -0.02 -0.03 0.02 -0.04 0.17 1.00 -0.20 







Table 4.S5. Parameter estimates for all models fitted in this study (see Table 4 for model 
comparison results). 
Model_name Variable mean sd 0.025quant 0.5quant 
Fire occurrence with roads (Intercept) -2.9579 0.0095 -2.9766 -2.9579 
Fire occurrence with roads Short -0.1158 0.0154 -0.1460 -0.1157 
Fire occurrence with roads Grass 0.1778 0.0180 0.1425 0.1778 
Fire occurrence with roads Regrowth 0.1116 0.0157 0.0809 0.1116 
Fire occurrence with roads Secondary -0.5332 0.0219 -0.5762 -0.5332 
Fire occurrence with roads Young palm 0.1097 0.0126 0.0849 0.1097 
Fire occurrence with roads Adolesc. palm -0.0250 0.0153 -0.0560 -0.0247 
Fire occurrence with roads Adult palm -0.1448 0.0231 -0.1907 -0.1446 
Fire occurrence with roads Dist. to roads 0.0203 0.0495 -0.0768 0.0203 
Fire occurrence with roads SPI -1.7469 0.0116 -1.7697 -1.7469 
Fire occurrence with roads Short x SPI -0.1355 0.0209 -0.1767 -0.1355 
Fire occurrence with roads Grass x SPI -0.2315 0.0234 -0.2774 -0.2315 
Fire occurrence with roads Regrowth x SPI -0.4538 0.0218 -0.4966 -0.4538 
Fire occurrence with roads Secondary x SPI -0.8047 0.0272 -0.8582 -0.8047 
Fire occurrence with roads Adult palm x SPI -0.0392 0.0273 -0.0927 -0.0392 
Fire occurrence with roads Dist. to roads x SPI -0.0154 0.0255 -0.0654 -0.0154 
Fire occurrence without roads* Short -0.1160 0.0153 -0.1461 -0.1160 
Fire occurrence without roads* Grass 0.1774 0.0179 0.1422 0.1774 
Fire occurrence without roads* Regrowth 0.1113 0.0156 0.0806 0.1113 
Fire occurrence without roads* Secondary -0.5335 0.0219 -0.5765 -0.5335 
Fire occurrence without roads* Young palm 0.1094 0.0126 0.0847 0.1095 
Fire occurrence without roads* Adolesc. palm -0.0251 0.0153 -0.0560 -0.0248 
Fire occurrence without roads* Adult palm -0.1450 0.0230 -0.1908 -0.1448 
Fire occurrence without roads* SPI -1.7463 0.0116 -1.7691 -1.7463 
Fire occurrence without roads* Short x SPI -0.1332 0.0206 -0.1737 -0.1332 
Fire occurrence without roads* Grass x SPI -0.2291 0.0231 -0.2745 -0.2291 
Fire occurrence without roads* Regrowth x SPI -0.4522 0.0217 -0.4948 -0.4522 
Fire occurrence without roads* Secondary x SPI -0.8031 0.0271 -0.8563 -0.8031 
Fire occurrence without roads* Adult palm x SPI -0.0375 0.0271 -0.0907 -0.0375 
Fire occurrence without roads* (Intercept) -2.9576 0.0095 -2.9764 -2.9576 
Fire spread vs configuration with 
roads (Intercept) 1.6203 0.0034 1.6136 1.6203 
Fire spread vs configuration with 
roads Short -0.0231 0.0062 -0.0352 -0.0231 
Fire spread vs configuration with 
roads Grass -0.0314 0.0052 -0.0415 -0.0314 
Fire spread vs configuration with 
roads Regrowth 0.0052 0.0052 -0.0049 0.0052 
Fire spread vs configuration with 
roads Secondary -0.0528 0.0055 -0.0636 -0.0528 
Fire spread vs configuration with 
roads Young palm 0.0194 0.0116 -0.0034 0.0194 
Fire spread vs configuration with 
roads Adult palm -0.0817 0.0219 -0.1246 -0.0817 
Fire spread vs configuration with 
roads Dist. to roads 0.0007 0.0088 -0.0166 0.0007 






Fire spread vs configuration with 
roads Short x SPI -0.0068 0.0110 -0.0283 -0.0068 
Fire spread vs configuration with 
roads Grass x SPI -0.0057 0.0093 -0.0240 -0.0057 
Fire spread vs configuration with 
roads Regrowth x SPI -0.0556 0.0095 -0.0742 -0.0556 
Fire spread vs configuration with 
roads Secondary x SPI -0.0635 0.0096 -0.0823 -0.0635 
Fire spread vs configuration with 
roads Adult palm x SPI 0.0643 0.0377 -0.0097 0.0643 
Fire spread vs configuration with 
roads Dist. to roads x SPI -0.0129 0.0088 -0.0302 -0.0129 
Fire spread vs configuration 
without roads* Short -0.0232 0.0062 -0.0353 -0.0232 
Fire spread vs configuration 
without roads* Grass -0.0314 0.0051 -0.0415 -0.0314 
Fire spread vs configuration 
without roads* Regrowth 0.0049 0.0052 -0.0052 0.0049 
Fire spread vs configuration 
without roads* Secondary -0.0529 0.0055 -0.0636 -0.0529 
Fire spread vs configuration 
without roads* Young palm 0.0197 0.0116 -0.0030 0.0197 
Fire spread vs configuration 
without roads* Adult palm -0.0817 0.0219 -0.1246 -0.0817 
Fire spread vs configuration 
without roads* SPI -0.2720 0.0043 -0.2805 -0.2720 
Fire spread vs configuration 
without roads* Short x SPI -0.0054 0.0110 -0.0269 -0.0054 
Fire spread vs configuration 
without roads* Grass x SPI -0.0041 0.0093 -0.0223 -0.0041 
Fire spread vs configuration 
without roads* Regrowth x SPI -0.0553 0.0095 -0.0739 -0.0553 
Fire spread vs configuration 
without roads* Secondary x SPI -0.0638 0.0096 -0.0826 -0.0638 
Fire spread vs configuration 
without roads* Adult palm x SPI 0.0658 0.0377 -0.0081 0.0658 
Fire spread vs configuration 
without roads* (Intercept) 1.6202 0.0034 1.6135 1.6202 
Fire spread vs area no sec with 
roads* (Intercept) 1.6305 0.0034 1.6239 1.6305 
Fire spread vs area no sec with 
roads* Short -0.0014 0.0064 -0.0139 -0.0014 
Fire spread vs area no sec with 
roads* Grass 0.0938 0.0058 0.0824 0.0938 
Fire spread vs area no sec with 
roads* Regrowth 0.0764 0.0050 0.0666 0.0764 
Fire spread vs area no sec with 
roads* Young palm 0.0983 0.0118 0.0752 0.0983 
Fire spread vs area no sec with 





Fire spread vs area no sec with 
roads* Dist. to roads 0.0109 0.0085 -0.0058 0.0109 
Fire spread vs area no sec with 
roads* SPI -0.2827 0.0044 -0.2913 -0.2827 
Fire spread vs area no sec with 
roads* Short x SPI 0.0293 0.0109 0.0079 0.0293 
Fire spread vs area no sec with 
roads* Grass x SPI 0.0841 0.0095 0.0654 0.0841 
Fire spread vs area no sec with 
roads* Regrowth x SPI -0.0137 0.0091 -0.0316 -0.0137 
Fire spread vs area no sec with 
roads* Adult palm x SPI 0.0442 0.0389 -0.0321 0.0442 
Fire spread vs area no sec with 
roads* Dist. to roads x SPI -0.0158 0.0087 -0.0328 -0.0158 
Fire spread vs area no sec 
without roads Short -0.0019 0.0064 -0.0145 -0.0019 
Fire spread vs area no sec 
without roads Grass 0.0930 0.0058 0.0817 0.0930 
Fire spread vs area no sec 
without roads Regrowth 0.0758 0.0050 0.0660 0.0758 
Fire spread vs area no sec 
without roads Young palm 0.0984 0.0118 0.0753 0.0984 
Fire spread vs area no sec 
without roads Adult palm -0.0791 0.0221 -0.1224 -0.0790 
Fire spread vs area no sec 
without roads SPI -0.2823 0.0044 -0.2910 -0.2823 
Fire spread vs area no sec 
without roads Short x SPI 0.0305 0.0109 0.0092 0.0305 
Fire spread vs area no sec 
without roads Grass x SPI 0.0854 0.0095 0.0667 0.0854 
Fire spread vs area no sec 
without roads Regrowth x SPI -0.0134 0.0091 -0.0313 -0.0134 
Fire spread vs area no sec 
without roads Adult palm x SPI 0.0463 0.0389 -0.0299 0.0463 
Fire spread vs area no sec 
without roads (Intercept) 1.6304 0.0034 1.6237 1.6304 
Fire spread vs area no past with 
roads (Intercept) 1.6213 0.0034 1.6147 1.6213 
Fire spread vs area no past with 
roads Short -0.0309 0.0063 -0.0432 -0.0309 
Fire spread vs area no past with 
roads Regrowth 0.0525 0.0049 0.0430 0.0525 
Fire spread vs area no past with 
roads Secondary -0.0679 0.0055 -0.0786 -0.0679 
Fire spread vs area no past with 
roads Young palm 0.0583 0.0117 0.0353 0.0583 
Fire spread vs area no past with 
roads Adult palm -0.0970 0.0221 -0.1404 -0.0970 
Fire spread vs area no past with 
roads Dist. to roads 0.0086 0.0086 -0.0083 0.0086 






Fire spread vs area no past with 
roads Short x SPI 0.0059 0.0110 -0.0156 0.0059 
Fire spread vs area no past with 
roads Regrowth x SPI -0.0404 0.0089 -0.0578 -0.0404 
Fire spread vs area no past with 
roads Secondary x SPI -0.0993 0.0087 -0.1165 -0.0993 
Fire spread vs area no past with 
roads Adult palm x SPI 0.0239 0.0389 -0.0523 0.0239 
Fire spread vs area no past with 
roads Dist. to roads x SPI -0.0100 0.0087 -0.0271 -0.0100 
Fire spread vs area no past 
without roads Short -0.0317 0.0063 -0.0440 -0.0317 
Fire spread vs area no past 
without roads Regrowth 0.0500 0.0048 0.0405 0.0500 
Fire spread vs area no past 
without roads Secondary -0.0540 0.0053 -0.0643 -0.0540 
Fire spread vs area no past 
without roads Young palm 0.0610 0.0117 0.0380 0.0610 
Fire spread vs area no past 
without roads Adult palm -0.0985 0.0221 -0.1418 -0.0984 
Fire spread vs area no past 
without roads SPI -0.2712 0.0043 -0.2797 -0.2712 
Fire spread vs area no past 
without roads Short x SPI 0.0224 0.0109 0.0012 0.0224 
Fire spread vs area no past 
without roads Regrowth x SPI -0.0378 0.0089 -0.0552 -0.0378 
Fire spread vs area no past 
without roads Adult palm x SPI 0.0337 0.0389 -0.0425 0.0337 
Fire spread vs area no past 








Land cover change is one of the major drivers of environmental change in tropical ecosystems. 
Agricultural expansion has been projected to contribute to more than 90% to the biodiversity 
change by 2050 in tropical forests (Sala et al 2005, de Chazal and Rounsevell 2009). By that 
time, it is expected that under current trends more than 40% of forests will disappear in 
Amazonia, releasing large amounts of carbon dioxide to the atmosphere and causing major 
habitat loss (Soares-Filho et al 2006). Deforestation in Amazonia has been typically attributed to 
the process of colonization by smallholders but, as I described in Chapter 1, a growing set of 
evidence has shown that the main drivers are changing – from smallholders, subsistence and low 
productive agriculture to large-scale market-oriented enterprises. I described how these patterns 
have been stimulated by a connected global economy where the sources of production are 
disconnected from the destinations for consumption. 
 
Forest cover loss along with anticipated changes in climate is expected to increase the incidence 
of fires in Amazonia (Silvestrini et al 2011). Wildfires in western Amazonia are evidence of these 
new environmental regimes where fire is becoming a pervasive force, with detrimental 
consequences to human health, climate, and natural ecosystems. Forest wildfires are common in 
the South East Amazon. In contrast, most wildfires in Western Amazonia occur in already 
cleared lands dominated by grasslands or early successional vegetation. However studies on 
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wildfires in tropical lands have focused mostly on forest fires even though fires outside forest can 
comprise up to 86% of fire activity in some areas (Lima et al 2012). 
 
In this dissertation I combined remote sensing techniques and statistical modeling to investigate 
land cover changes in the Peruvian Amazon between 2001 and 2010, their implications for 
sustainable agricultural production and forest conservation , as well as their role in changes in fire 
regimes with emphasis on the expansion of oil palm plantations. In what follows, I summarize 
the main contributions and broader implications that each dissertation chapter achieved. I then 
identify future research priorities that could build upon the results of each chapter and would 
further enhance our understanding of the drivers of land cover change in tropical lands and their 
effects on fire and other environmental changes. Finally I briefly describe future avenues where I 
am planning to take my work. 
 
5.2. Major contributions and key findings of the dissertation 
 
In order to deal with the conservation paradigm about a growing demand for land resources and 
the scarcity of land to provide them, agricultural intensification has been proposed as a strategy to 
reduce pressure on natural ecosystems. The so called “land sparing” alternative establishes that 
yield increases can reduce pressure over areas that otherwise would have to be converted to 
agriculture to satisfy food demand (Green et al 2005, Matson & Vitousek 2006, Fisher et al 
2008). This argument has been the source of considerable debate about whether intensifying 
agriculture can reduce pressure on forests and ecosystems compared to the so-called “land 
sharing” option (Phalan et al 2011). This last alternative proposes achieving both agricultural 
production and forest conservation by integrating both natural and less intensive, managed 
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systems in a larger heterogeneous matrix (Perfecto 2008 a,b). In chapter 2, I explored a new 
dimension of this debate to consider whether achieving higher yields in new agricultural lands is 
sufficient to guarantee dual goals of food production and nature conservation. Based on a remote 
sensing analysis of oil palm expansion in the Peruvian between 2000 and 2010, I demonstrated 
that higher yields in new agricultural areas can effectively optimize the use of land for 
agricultural production but that it does not necessarily translate into leaving larger extents of 
forest for conservation than lower yield agriculture (Gutierrez-Velez et al 2011). The results 
demonstrate that the land sharing/land sparing debate should go beyond the vague term of “land” 
to consider a more thorough characterization of the ecological characteristics of the land that is 
being “spared” or used. Furthermore, chapter 2 shows that land sparing can reduce pressure on 
forests only if expansion goes outside old growth forests. 
 
The increasing influence of large agricultural expansion on land cover changes in tropical forest 
areas provide evidence that new and reliable methods for continuous land change monitoring are 
needed. That is the specific case of oil palm, which has been identified as one of the largest 
causes of forest loss in South East Asia (Koh et al 2011, Carlson et al 2012) and one of the major 
threats for forest conservation among Amazonian countries (Butler and Laurance 2009, Persson 
and Azar 2010). In Chapter 3 I advanced on previous capabilities for mapping oil palm 
plantations by proposing new methods for detecting annual changes in land cover attributed to oil 
palm at two different scales. Previous work on oil palm mapping has relied to a large extent on 
visual interpretation, limiting the possibility of establishing consistent temporal monitoring of 
land conversion to oil palm plantations. Furthermore, most previous work on oil palm mapping 
has focused on large-scale oil palm plantations; reducing the ability to detect small scale 
operations that are harder to identify, but that could represent between 40 and 90% the total 
!!
"#&!
cultivated area in some countries (Vermeluen and Goad 2006, ANCUPA 2012). The methods 
proposed in Chapter 3 allow for tracking the area of forest cover converted to large-scale oil palm 
plantations in extensive areas as well as for assessing the conversion of different land cover types 
to both large and small oil palm plantations at finer scales. The results from Chapter 3 
demonstrate that satellite data from multiple sources are essential for a reliable evaluation of the 
time and location of crop expansion, as well as the area of different land cover types converted to 
agriculture. I found that typical “from-to” land cover change analyses are not sufficient to 
accurately estimate area from different land covers converted to oil palm and can over estimate 
the amount of forest land converted to oil palm by as much as 50% (Gutierrez-Velez and DeFries 
2013). Our methods can contribute to evaluating the effectiveness of incentives to promote 
sustainable oil palm production and identifying priority areas of rapid forest conversion to oil 
palm where efforts should be focused. 
 
Given the new reality of extensive cleared areas in lands that were previously covered by tropical 
forests, Chapter 4 of the dissertation contributes to the understanding of wildfires in tropical 
lands by a) developing new methods for burn scar mapping in tropical areas with high cloud 
cover and fire seasonality and b) evaluating the effect of post-deforestation land cover changes 
and climate variability on fire activity in the Peruvian Amazon. The method developed for the 
detection of burned areas provided more accurate results than standard products and was capable 
of detecting burn scars smaller than previous analogous studies, suggesting the potential to 
implement this approach in other areas with similar conditions. Results from the statistical model 
showed that most land covers had a significant relationship with fire but that they could either 
promote or inhibit fire depending on the age of the plantations, the successional stage of 
vegetation, and the severity of drought. I also found that more heterogeneous landscapes with 
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irregular and disaggregated land covers can be effective for that purpose. Our results in Chapter 4 
provide useful information to implement land cover management measures to reduce landscape 
flammability. Overall I recommend that economic incentives to facilitate forest regrowth and oil 
palm plantations in cleared lands, ideally in irregular and heterogeneous configurations, can 
reduce fire risk if those areas are protected against fire in early stages of development and during 
severely dry years. 
 
This dissertation contributes to understanding the effects of agricultural expansion and land cover 
changes on forest conservation and fire mitigation in Amazonia. I conclude that crop expansion 
can be a significant threat to forest conservation in Peru and other tropical countries with large 
forested areas still remaining. Forest conversion to agriculture can also change the flammability 
of Amazonia and other tropical forest areas, reducing their ability to withstand the pervasive 
impacts of wildfires. Yet, this work also shows that it is feasible to achieve both agricultural 
production and forest conservation if incentives to expand crops into already cleared lands are set 
in place. Not only can these incentives reduce pressure on forests, but, in the case of oil palm, 
they also have the potential to mitigate wildfires if plantations are established outside forests and 
protected while they are young. Mechanisms for promoting forest regrowth could also be 
effective for fire mitigation but vegetation would need to be protected against fire during dry 
years and also in early stages of development.  
 
Cleared lands cover vast areas in the Amazon. Therefore the functioning of the system will be 
greatly influenced by land cover dynamics and other disturbances outside forests. This 
dissertation ultimately shows that a thorough assessment of land cover changes in Amazonia and 
their influence on fire and other environmental changes should look beyond forests and 
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deforestation to include other land covers and trajectories such as forest regrowth and the 
conversion of non-forested lands into agriculture. Such an assessment can only be possible with 
the development of reliable methods for fire and land cover monitoring such as the ones proposed 
here. A full understanding of the impacts of land cover trajectories in both forested and cleared 
areas on fire and other environmental changes is essential for envisioning sustainable 
management alternatives in Amazonia and other tropical regions. 
 
5.3. Key questions and priorities for future research 
 
Results of this research constitute a step forward in the identification and understanding of 
drivers of land cover change in tropical lands and their influence on fire activity. The results 
described above open new and interesting questions that merit further exploration. In this section 
I offer a description of future research avenues, which emerge from this dissertation and which 
could build upon the results obtained in each one of the chapters. 
 
In Chapter 2, I speculated that the contrasting differences in the proportion in which high- and 
low-yield plantations expanded into forests had to do with land tenureship between large and 
small owners. However, there are other factors that could as well influence these dynamics such 
as the effect of governmental incentives targeted specifically to both large and small producers. 
Future work could assess the influence of drivers of land change that explain differences in the 
amount of forestland converted to high- and low-yield plantations. 
 
The applicability of the method proposed in Chapter 3, for detecting the conversion of forests 
into large-scale oil palm plantations to other areas should consider the extent to which 
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management can influence temporal changes in vegetation greenness occurring during the 
conversion. Factors such as the use of fire and the type of ground cover associated with the 
plantation can influence temporal spectral patterns in converted areas, conditioning the 
application of the methods to other regions. 
 
Remote sensing methods developed in Chapter 4 to detect burned areas showed promise for 
application in similar areas, including those under high cloud cover condition. However, it might 
be important to assess their effectiveness in other regions with different fire seasonality and also 
their performance to identify canopy damage by fires, which was not fully assessed in the study 
area. 
 
A full understanding of the correlation between land covers, drought, and fire occurrence and 
spread found in chapter 4 require to further investigating how fire behaves in tropical mosaic 
landscapes and the influence of fuel load and vegetation moisture on fire ignition and spread. 
Most studies on fire behavior have focused on a single land cover and mostly in Mediterranean 
and temperate areas. Our results showed that this tropical system responds differently depending 
on the local land cover composition and drought severity. Studies focusing on fire behavior, 
particularly in the interface between different land covers might enhance the understanding of 
their role on fire ignition and spread. 
 
Our analysis in Chapter 4 also showed that vegetation regrowth and oil palm plantations can have 
a differential effect on fire depending on the sucessional stage of vegetation and oil palm age and 
that the response of the system can change depending on climatic conditions. I speculatively 
attributed our findings to differences in fuel load and vegetation moisture as well as economic 
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factors. However a more definitive understanding of how fire changes with sucessional stages of 
natural vegetation and oil palm age requires a finer analysis of the variables that drive their 
differential effect on fire occurrence and spread during years with different drought severity. 
Variables such as fuel load, vegetation moisture, and economic value among others should be 
considered as continuous quantitative variables rather than being inferred from categorical land 
covers. Future work on this direction could contribute to identify the specific thresholds of 
regrowth and oil palm age at which fire is promoted or inhibited and how those thresholds change 
under different climatic conditions. This last point in particular is one of the foci of my future 
research as I describe in the following section. 
 
5.4. Next research steps 
 
Climate regulates the susceptibility of different land covers to fire. Fire risk in agricultural areas 
in Western Amazonia more than doubled in dry years compared to wet years (Uriarte et al 2012). 
Results in chapter 4 showed that different successional stages of vegetation and the age of oil 
palm plantations influence differently the response of landscapes to fire. I also found that drought 
severity can change the relationship between vegetation and fire. For instance, secondary 
vegetation reduced the probability of fire but dryer seasons made them more prone to burning. In 
contrast, the relationship of adult oil palm plantations was not as influenced by drought (Chapter 
4). In my future research I would like to explore how variations in vegetation moisture, fuel load 
and other variables associated with vegetation regrowth and oil palm plantations influence their 




I would also like to evaluate the effect of non-forest wildfires on post-fire carbon accumulation in 
Western Amazonia. Forest wildfires in tropical areas can be an important source of carbon 
emissions as burning can reduce above-ground live biomass by up to 50% (Morton et al., 2011). 
In contrast, carbon emissions from non-forest wildfires in Western Amazonia are lower because 
burned carbon comes typically from vegetation with low biomass densities and emissions from 
burning are quickly compensated by carbon uptake by regrowing vegetation after fire. However, 
beyond the near-term fluxes associated with every burn, the occurrence of wildfires outside 
forests can reduce the ability of the land to mitigate carbon as fire eliminates vegetation that 
otherwise would accumulate carbon. In addition, repeated fires can slow carbon accumulation 
rates in biomass after burning, reducing further the efficiency of the system to accumulate 
carbon. For instance, Zarin et al (2005) found that areas exposed to five or more fires in 
Amazonia reduced their capacity to accumulate carbon by more than 50%. In my future research 
I envision evaluating the effect of non-forest wildfires on post-fire carbon accumulation in 
Western Amazonia due to the preclusion of current vegetation to regrow and the reduction in post 
burning carbon accumulation as a consequence of repeated fires. 
 
To accomplish these goals, I am planning to use field and satellite information from multiple 
sensors to evaluate variations in biomass accumulation in regrowing vegetation as a function of 
land covers, fire, and climate in Western Amazonia. Preliminary work as been performed to 
achieve these goals including the measurement of biomass in different land covers and the 
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